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Abstract: Non-synonymous single nucleotide polymorphisms (nsSNPs) may result in pathogenic
changes that are associated with human diseases. Accurate prediction of these deleterious nsSNPs is
in high demand. The existing predictors of deleterious nsSNPs secure modest levels of predictive
performance, leaving room for improvements. We propose a new sequence-based predictor, DMBS,
which addresses the need to improve the predictive quality. The design of DMBS relies on the
observation that the deleterious mutations are likely to occur at the highly conserved and functionally
important positions in the protein sequence. Correspondingly, we introduce two innovative components. First, we improve the estimates of the conservation computed from the multiple sequence
profiles based on two complementary databases and two complementary alignment algorithms.
Second, we utilize putative annotations of functional/binding residues produced by two state-of-theart sequence-based methods. These inputs are processed by a random forests model that provides
favorable predictive performance when empirically compared against five other machine-learning
algorithms. Empirical results on four benchmark datasets reveal that DMBS achieves AUC > 0.94,
outperforming current methods, including protein structure-based approaches. In particular, DMBS
secures AUC = 0.97 for the SNPdbe and ExoVar datasets, compared to AUC = 0.70 and 0.88, respectively, that were obtained by the best available methods. Further tests on the independent HumVar
dataset shows that our method significantly outperforms the state-of-the-art method SNPdryad. We
conclude that DMBS provides accurate predictions that can effectively guide wet-lab experiments in
a high-throughput manner.
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Non-synonymous single-nucleotide polymorphisms (nsSNPs) are mutations in the
DNA sequences that result in the mutations of amino acids in the corresponding protein
sequences. While some nsSNPs may not be deleterious, others may destabilize protein
structure and/or protein-ligand interactions leading to loss of function. These deleterious nsSNPs are associated with a range of diseases [1–4]. For example, sickle cell anemia (SKCA), which is caused by the variant of glutamate to valine at position 7 of the
hemoglobin subunit beta (UniProt id: P68871), can lead to microvascular occlusion, thus
cutting off the blood supply to nearby tissues. While the effects of mutations can be studied
experimentally, such analysis is often limited to a small subset of possible mutations given
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the time- and cost-expensive nature of these studies. Computational analysis provides a
cost- and time-efficient alternative to pre-select the most-promising mutations for the wet
lab analysis [5–7].
A substantial amount of research was devoted to developing predictors of deleterious nsSNPs. Several SNP-related databases have been established, including dbSNP [8],
SNPdbe [9], and dbNSFP [10]. Those resources make it possible to conceptualize, design,
and empirically test and compare the computational predictors. SIFT is the first algorithm
that was designed to predict deleterious nsSNPs [11]. SIFT relies on the presumption
that mutations of highly conserved amino acids tend to be deleterious. Several followup studies were done to design predictors that improve the predictive accuracy, such as
(in chronological order) SNAP [12], PolyPhen-2 [13,14], Logit [15], MutationTaster2 [16],
SNPdryad [17], PROVEAN [18], and EVmutation [19]. These methods have advanced the
predictive models primarily by using more sophisticated information that they extract from
the input protein chains. PolyPhen-2 considers sequence conservation computed from the
multiple sequence alignment (MSA) as well as features extracted from the corresponding
protein structure, if available. MutationTaster2 relies on pre-computed conservation scores
generated with BLAST and access to several mutation databases. SNPdryad improves the
computation of conservation by constructing MSA using orthologous rather than homologous sequences and by utilizing several conservation scoring schemes. PROVEAN relies on
datasets of pre-computed conservation scores and categorizes residues into several classes
(substitutions, insertions, deletions, nonsense mutations, and frameshifts). Finally, EVmutation further improves computation of the conservation by considering dependencies
between positions using evolutionary coupling. Moreover, the current tools utilize rather
simple predictive models, such as Bayesian classifiers (PolyPhen-2 and MutationTaster2),
logistic regression (Logit), and scoring functions (PROVEAN and EVmutation).
We aim to further improve the predictive performance by implementing two innovations. First, we develop a new approach to quantify the conservation by constructing
and combining multiple MSAs generated with multiple sequence databases and by using two complimentary alignment tools. Second, we utilize information about putative
ligand-binding residues that we predict in the input protein sequences with recently developed bioinformatics methods. Mutations at these positions may disrupt these binding
events, consequently leading to the loss of function without disrupting the protein structure. Finally, we empirically test and compare several machine-learning algorithms and
we select the one that generates models characterized by the highest levels of predictive
performance. Benchmarks on several test datasets reveal that our model outperforms the
current methods.
2. Materials and Methods
2.1. Overview of the Proposed Method
Figure 1 summarizes the architecture of the proposed DMBS method. The input is
the wild-type sequence and the mutation information. We process the wild-type sequence
with the NucBind [20] and S-SITE [21] methods to predict ligand-binding residues. More
specifically, NucBind is a machine-learning-based algorithm that predicts nucleic acidsbinding residues in the input protein sequence. S-SITE is a template-based algorithm that
utilizes sequence profile-profile alignment to accurately predict residues that interact with
a non-specific (generic) ligand in the given protein chain. Residues that are predicted by
these methods are likely to be functionally important as they facilitate the protein-ligand
interactions, and thus their mutations could lead to the loss of function. In parallel, we feed
the wild-type and the mutated sequences into two complementary alignment programs,
the sequence-sequence alignment-based PSI-BLAST [22,23] and the HMM (hidden Markov
model) profile-HMM profile alignment-based HHblits [24]. PSI-BLAST performs alignment
against the UniRef100 database while HHblits runs alignment against the UniClust30
databases to construct the two corresponding MSAs. Next, we use the putative binding
residues produced by the two predictors and the two MSAs to extract a fixed-size vector
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(4)

We also calculate the difference between the corresponding four features for the wildtype and the mutated sequences (4 features). Moreover, we compute the inner product
between the k-th row of the PSPM matrix generated by a given alignment method and the
corresponding row of the BLOSUM62 matrix at position k as follows
20

bk =

∑ pk,j B( Ak , j)

(5)

j =1

where Ak is the amino acid type at the k-th position of the input sequence (wild-type or
mutated); the index j varies through the 20 standard amino acids; B(Ak , j) is the corresponding element in the BLOSUM62 matrix. We compute the inner product bk for the wild-type
chain, the mutated sequence, and we also compute their difference (3 features).
Consequently, we convert the MSAs for the wild-type and the mutated chains generated by the two alignment methods (PSI-BLAST and HHblits) into the set of
2 × (8 + 4 + 3) = 30 features.
2.2.2. Features Computed from the Sequence-Based Prediction of the Ligand-Binding Residues
We use NucBind to produce predictions of the DNA-binding and RNA-binding
residues and S-SITE to predict the generic ligand-binding residues. We extract features by
screening these predictions with the conservation computed from the PSI-BLAST-generated
MSA. We also tried HHblits’ MSA, but it did not provide further improvements in the
predictive performance.
Suppose that m binding residues were predicted by the two predictors. First, we compute conservation of these m positions using three diverse approaches. We use the entropy
Equation (1), the inner product Equation (5), and the Kullback-Leibler (KL) divergence,
which is defined as follows:
20

dKL ( Pi || Qi ) =

pi,j

∑ pi,j log qi,j

,1 ≤ i ≤ L

(6)

j =1

where Pi and Qi are two vectors representing the i-th row of the PSPM matrices of the
wild-type and mutated sequences, respectively.
Second, we identify the position in the sequence with the highest absolute difference
in the conservation score between the wild-type and mutated chains. We do this for
each of the three conservation measures. The delta in the conservation values serves as a
proxy for propensity of function destabilization. Third, we compute three sets of features:
(1) The value of the highest absolute difference in conservation; (2) the linear distance
(along the sequence) of the position identified in step 2 to the mutated position; and (3) the
propensity for ligand binding generated by a given predictor for the position identified
in step 2. We calculate three features for each of the three conservation scores and each
of the three predictors of binding residues for the total of 3 (features) × 3 (conservation
measures) × 3 (predictors) = 27 features (note that NucBind predicts DNA and RNA
binding residues, respectively, and we consider it as two predictors here). Moreover,
we compute the linear distance (along the sequence) between the mutated position and
the closest predicted binding residue for each of the three predictors, which results in
3 features. In total, we compute 27 + 3 = 30 features using the sequence-based prediction of
the ligand-binding residues.
We combine the 30 features generated from MSA and the 30 features produced with
the help of the ligand-binding residues predictors to obtain a 60-dimensional feature vector
that we use to make prediction of the deleterious nsSNPs.
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2.3. Benchmark Datasets
We use a comprehensive collection of four benchmark datasets that were developed
in past studies to evaluate and compare our method with the current tools. The first two
are HumDiv and HumVar (version 2.1.0) downloaded from the PolyPhen-2 Web site [13].
The other two are SNPdbe [9] and ExoVar [15]. These datasets have been widely used to
evaluate predictors of deleterious nsSNPs [11,13,17,19]. Table 1 summarizes these datasets.
Table 1. Summary of the benchmark datasets used in this work.
Dataset

Deleterious
nsSNPs

Neutral
nsSNPs

Ratio of
Positives

Reference

HumVar
HumDiv
SNPdbe
ExoVar

20,985
5322
2263
4567

21,138
7070
307
3145

49.82%
42.95%
88.05%
59.22%

[13]
[13]
[9]
[15]

2.4. Performance Evaluation
The predictors of the deleterious nsSNPs generate two types of outputs: The binary
value (deleterious vs. non-deleterious mutation) and numeric propensities representing
the likelihood that a given mutation is deleterious. We assess the quality of the numeric
propensities using a commonly used metric, the Area Under the receiver operating characteristic Curve (AUC). AUC values range between 0.5 and 1 with higher values denoting
more accurate predictions. We evaluate the binary predictions using accuracy (rate of
correct predictions) and Matthew’s correlation coefficient (MCC). Like other correlation
coefficients, MCC ranges between −1 and 1 where 0 corresponds to random-level predictive quality (no correlation between the binary predictions and the native annotations) and
a larger positive value denotes a more accurate prediction (stronger correlation). We test
predictive performance using the 10-fold cross validation on each of the four benchmark
datasets and conduct a set of independent tests on the largest HumVar dataset.
3. Results and Discussion
3.1. Deleterious nsSNPs Coincide with the Location of the Putative Ligand-Binding Residues
We investigate whether the locations of the predicted binding residues are useful to
predict deleterious nsSNPs using the HumDiv and HumVar datasets. We assert that a
given biologically important position in the protein sequence, defined by being predicted
to interact with ligands, is unlikely to mutate during evolution. In other words, mutations
at such positions are likely to cause deleterious effects. We compare the rates of the
predicted ligand-binding residues among the positions that have deleterious vs. nondeleterious nsSNPs to test this assertion. We predict residue-binding 4786 times among the
20,985 deleterious mutations in the HumVar dataset, (4786/20,985 = 22.81% rate, compared
to 2742 out of the 21,138 non-deleterious mutations (12.97% rate). The difference reveals
that the prediction of the binding residues provides useful clues to identify deleterious
nsSNPs. In addition, the mutated position does not have to directly overlap with the
prediction of ligand-binding to result in the loss of function, but instead they could be
in close proximity in the sequence. Therefore, we consider the linear distance between
the mutated position and the closest position of the putative binding residues as a useful
predictive input (see Section 2.2). Figure 2 shows the two cumulative ratios (for deleterious
vs. non-deleterious mutations) for distances ranging between 0 and 10 for both datasets.
The figure reveals that the ratios for the deleterious mutations are consistently higher than
the ratios for the neutral mutations across the entire range of distances. This analysis
justifies our decision to include the prediction of the ligand-binding residues as one of the
key inputs for our predictive model.
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We compare DMBS with three state-of-the-art predictors, SIFT, PolyPhen2, and
SNPdryad, on the HumDiv and the HumVar datasets. Table 2 shows the AUC values
while the accuracy and MCC values for DMBS are reported in Supplementary Table S1;
the corresponding metric are not available for the other predictors. Table 2 reveals that the
AUCs for all methods on the HumDiv dataset are relatively high (>0.9). Two predictors,
DMBS and SNPdryad, achieve the same highest values of AUC = 0.98. The third-best
predictor, PolyPhen2, secures a much lower AUC = 0.95. The DMBS’s AUC on the HumVar
dataset is 0.95, which is substantially higher than AUCs of the other three methods, with
the second-best SNPdryad securing AUC = 0.91. We note that the difference by 0.04 is
equivalent to an 8% improvement given that the AUC ranges between 0.5 and 1.

Biomolecules 2021, 11, 1337
Biomolecules 2021, 11, x FOR PEER REVIEW

7 of 12
7 of 12

Figure 3.
3. AUCs
AUCs for
for the
the predictions
predictions generated
generatedby
bythe
thesix
sixconsidered
consideredmachine-learning
machine-learningalgorithms
algorithmson
Figure
on
the
four
benchmark
datasets.
the four benchmark datasets.

3.3. Comparison
Current
Predictors
on the HumDiv
andand
theDMBS_MSA),
HumVar Datasets
Table
2. AUCs forwith
DMBS,
two the
DMBS variants
(DMBS_BR
and three current
We compare
DMBS
with three
state-of-the-art
predictors,
SIFT, PolyPhen2,
andAUCs
SNPpredictors
of deleterious
nsSNPs
on the
HumDiv and HumVar
benchmark
datasets. The
dryad,
on the based
HumDiv
and
the HumVar
datasets.
2 shows
the AUC
values
while
were
calculated
on the
10-fold
cross validation.
TheTable
highest
AUC values
for each
dataset
are
the accuracy
values for
are reported
in used
Supplementary
highlighted
in and
bold MCC
font. Summary
of DMBS
the benchmark
datasets
in this work. Table S1; the corresponding metric are not available for the other predictors. Table 2 reveals that the AUCs
Method
for all methods
on the HumDiv dataset HumDiv
are relatively high (>0.9). TwoHumVar
predictors, DMBS
SIFTachieve the same highest values
0.91
0.86
and SNPdryad,
of AUC = 0.98. The third-best
predictor,
PolyPhen2
0.95
0.89
PolyPhen2, secures a much lower AUC = 0.95. The DMBS’s AUC on the HumVar dataset
SNPdryad
0.98
0.91
is 0.95, which is substantially higher than AUCs of the other three methods, with the secDMBS_BR
0.908
0.909
ond-best DMBS_MSA
SNPdryad securing AUC = 0.91. We
note that the difference by 0.941
0.04 is equivalent
0.976
to an 8% improvement
given
that
the
AUC
ranges
between
0.5
and
1.
DMBS
0.977
0.948
Table 2. AUCs for DMBS, two the DMBS variants (DMBS_BR and DMBS_MSA), and three current
We introduce
two nsSNPs
innovations
arguably
thebenchmark
improvements
overThe
theAUCs
current
predictors
of deleterious
on thethat
HumDiv
and drive
HumVar
datasets.
tools:
The
use
of
predicted
binding
residues
and
the
combination
of
MSAs
computed
with
were calculated based on the 10-fold cross validation. The highest AUC values for each dataset
are
two
complementary
alignment
programs
and
sequence
databases.
We
perform
an
ablation
highlighted in bold font. Summary of the benchmark datasets used in this work.

study to investigate the impact of these innovations on the predictive performance of our
HumDiv
model. WeMethod
compute two reduced versions
of our model, DMBS_BRHumVar
and DMBS_MSA,
SIFT
0.91
0.86
by training the RF model with a subset of features extracted from the predicted
binding
PolyPhen2
0.95 We compare these two variants
0.89
residues and
from the MSAs alone, respectively.
with the
SNPdryad
0.98that AUCs of the two variants
0.91are relatively
complete DMBS
model in Table 2. We observe
high (i.e., DMBS_BR
comparable or better than the AUCs
and lower than
0.908 of the current methods)0.909
the AUCDMBS_MSA
of DMBS, suggesting that both types
of
inputs
have
high
predictive
0.976
0.941 power and
provide complementary
information.
The
DMBS_MSA
variant
outperforms
DMBS_BR on
DMBS
0.977
0.948
both datasets. This is expected as the MSA-derived conservation provides a more “generic”
We introduce
two
innovations
that arguably
drivestability)
the improvements
over(stability
the curpredictive
input that
covers
both structural
(structural
and functional
rent
tools:
The
use
of
predicted
binding
residues
and
the
combination
of
MSAs
computed
of protein-ligand interactions) aspects of the underlying sequence, while the use of the
with twobinding
complementary
alignment
sequence
databases.
We perform
an
putative
residues targets
onlyprograms
the latter and
aspect.
Moreover,
DMBS_MSA
achieves
ablation
study to
thethe
impact
of these
innovations
on the predictive
an
AUC similar
to investigate
SNPdryad on
HumDiv
dataset
and outperforms
SNPdryad perforon the
mance ofdataset.
our model.
We compute
two
reduced
versions of ouralignment
model, DMBS_BR
and
HumVar
This suggests
that the
use
of the complementary
programs and
DMBS_MSA,
by training
theexplored
RF model
a subset provides
of features
extracted
from the
presequence
databases
that are
in with
DMBS_MSA
stronger
predictive
input
dicted
and fromprogram
the MSAs
respectively.
We sequences,
compare these
two
than
thebinding
use of aresidues
single alignment
thatalone,
considers
orthologous
as it was
variants
with the complete
DMBS
model
Table 2. We observe that AUCs of the two
done
in SNPdryad
that utilizes
the same
RFinmodel.
variants
are relatively
high (i.e., comparable
or better
than thethe
AUCs
of the currentDMBS,
methWe evaluate
the significance
of the differences
between
best-performing
its
two
variants,
and the
method,
SNPdryad
Tablehave
S2). high
The
ods)
and
lower than
the best
AUCcurrent
of DMBS,
suggesting
that (Supplementary
both types of inputs
differences between AUCs of DMBS and the other three approaches on the HumVar

Biomolecules 2021, 11, 1337

underlying sequence, while the use of the putative binding residues targets only the latter
aspect. Moreover, DMBS_MSA achieves an AUC similar to SNPdryad on the HumDiv
dataset and outperforms SNPdryad on the HumVar dataset. This suggests that the use of
the complementary alignment programs and sequence databases that are explored in
DMBS_MSA provides stronger predictive input than the use of a single alignment
program that considers orthologous sequences, as it was done in SNPdryad that utilizes
8 of 12
the same RF model.
We evaluate the significance of the differences between the best-performing DMBS,
its two variants, and the best current method, SNPdryad (Supplementary Table S2). The
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above a given cutoff are assumed to be deleterious mutations. These thresholds equal
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0.505 and 0.515 for DMBS and SNPdryad, respectively. We compare the two sets of
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4. Comparison
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by DMBS
and SNPdryad
on the HumVar
dataset. dataset.

3.4.
Comparison
Current
Predictors
the SNPdbe
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3.4.
Comparison
withwith
Current
Predictors
on theon
SNPdbe
and ExoVar
DatasetsDatasets

Comment
Figure 4 .

We assess DMBS on two additional benchmark datasets, SNPdbe and ExoVar, and
compare DMBS’s results with six current predictors: SNPdryad, SNAP, PolyPhen2, SIFT,
MutationTaster, and Logit. We were unable to test this extended group of methods on the
other two datasets (HumDiv and the HumVar) since SNAP, MutationTaster, and Logit did
not report results on these benchmark sets.
Figure 5 shows the AUC values and the corresponding ROC curves for DMBS and
the other six methods on the two datasets. Figure 5A suggests that DMBS outperforms the
other three methods that were tested on the SNPdbe dataset by a large margin. DMBS’s
AUC on the SNPdbe dataset equals 0.97 compared to the AUC of 0.70 for the second-best
SNPdryad predictor. We note that DMBS’s AUC is consistent with the results on the
HumDiv and HumVar datasets (Table 2). The large margin of the improvement over the
current methods on this dataset prompted us to investigate the possible reason for the
high predictive quality of our predictive model. To this end, we remove the new features
that we introduce in DMBS (features based on the predicted binding residues and the
HHblits-based alignment), rebuild the predictive models, and re-test this version of our
predictor on the SNPdbe dataset. The AUC of this reduced model is 0.70, which is virtually
the same as the AUC of SNPdryad. This reveals that the substantial improvement that
DMBS offers is due to the use of the novel predictive inputs.
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predictive
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In summary, our empirical assessment that relies on four diverse benchmark
sets
It
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predictors
when
compared
side-by-side
across≥
shows that DMBS consistently achieves high levels of predictive performance (AUC
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to the
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3.5.
Comparison
SNPdryad
Based oninputs.
Independent Test
The above with
comparisons
wereTest
all based on 10-fold cross validation,
3.5. Comparison
SNPdryadwith
BasedSNPdryad
on Independent
which has been used by most methods for deleterious nsSNPs prediction. However, an
independent test is usually needed to ensure an unbiased evaluation. To this end, rather
than performing 10-fold cross validation, we randomly split the largest dataset HumVar
into two subsets: 80% for training and the remaining 20% for independent testing. For
each split, we retrained DMBS and SNPdryad using the training set and evaluated their
performance on the test set.
The results of 20 repeated independent tests are shown in Figure 6. In the 20 independent tests, we compare the median value for each metrics, and DMBS’s ACC, AUC, and
MCC are 0.877, 0.947, and 0.754, respectively, outperforming SNPdryad on all three metrics
(with p-value < 1 × 10−30 for all the three metrics).
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of-the-art predictors when compared side-by-side on these datasets. Finally, we perform
ablation analysis that suggests that the improvements offered by DMBS stem from the use
of the novel interpretable inputs.
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