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Abstract

A fundamental goal of medical genetics is the accurate prediction of genotype—phenotype
correlations. As an approach to develop more accurate in silico tools for prediction of disease-
causing mutations of structural proteins, we present a gene- and disease-specific prediction tool
based on a large systematic analysis of missense mutations from hemophilia A (HA) patients. Our
HA-specific prediction tool, HApredictor, showed disease prediction accuracy comparable to
other publicly available prediction software. In contrast to those methods, its performance is not
limited to non-synonymous mutations. Given the role of synonymous mutations in disease and
drug codon optimization, we propose that utilizing a gene- and disease-specific method can be
highly useful to make functional predictions possible even for synonymous mutations.
Incorporating computational metrics at both nucleotide and amino acid levels along with multiple
protein sequence/structure alignment significantly improved the predictive performance of our
tool. HApredictor is freely available for download at http://www.nchi.nlm.nih.gov/CBBresearch/
Przytycka/HA_Predict/index.htm.
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Introduction

In recent years, personalized approaches in medical research and drug development have
become important research focal points [1]. Such personalized approaches demand
development of accurate tools that predict the possibility and severity of damage to protein
function caused by a given (point) mutation. Such tools are not only useful when genetic
information of newly diagnosed patients is revealed but also indispensable when a newly
optimized/altered recombinant protein is developed for pharmaceutical purposes.

Recent progress in genetic screening and analysis of patients with hereditary diseases has
unveiled that a variety of diseases are caused not only by missense (non-synonymous)
mutations but also by synonymous mutations that do not change amino acid sequence [2].
Additionally, many novel recombinant proteins are being developed and released to the
pharmaceutical market as therapeutic drugs. These recombinant therapeutics contain
multiple modifications such as missense mutations, synonymous mutations, and deletions
[3,4].

Several methods such as PolyPhen-2 [5] (Polymorphism Phenotyping v2), SIFT (Sorting
Intolerant From Tolerant) [6], Condel [7] (Consensus Deleteriousness score of missense
single-nucleotide variants), and PROVEAN (Protein Variation Effect Analyzer) [8] have
been developed that give the possibility of assessing the impact of amino acid substitutions
on protein function. Common software tools such as SIFT and PolyPhen-2 are based on
multiple sequence alignment and homology modeling. These tools allow relatively accurate
prediction of the impact of underlying mutations on protein function, yet the multiple
sequence alignment methodology can be limiting when analyzing sequences that are
relatively less conserved across species and/or those carrying synonymous mutations that do
not alter protein composition. Alternative functional prediction approaches have been
developed based on individual amino acid properties such as PASE, which analyzes amino
acid substitutions based on the physicochemical changes of the replaced amino acid residue

[9].

It should be noted that studies utilizing commonly used prediction software to predict
protein deleteriousness have yielded mixed results [10-13]. Gray et al. report an assessment
of several algorithms (Condel, PolyPhen-2, and SIFT) used for the analysis of the effects of
a large number of mutations reported in the UniProt Knowledgebase (UniProtKB) database.
Comparison of experimental profiling results with those from computation predictions
showed numerous obstacles in the difficulty of predicting both deleterious and neutral
mutations [14].

Better predictive tools would allow not only for more accurate disease forecasting but also
for improved screening of suitable DNA constructs for protein therapeutics. Ultimately, this
would result in more cost-effective and efficient drug design due to more accurate
forecasting of an introduced point mutation’s impact on its protein function. As an
alternative to generic methods that attempt to predict the damaging impact of mutations on
protein function in a disease- and protein-independent manner, we focus on developing
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disease-specific approaches. A similar gene- and disease-specific approach has been
previously investigated by Crockett et al. using the RET proto-oncogene as a model.
However, this approach did not utilize nucleic-acid-based measurements and focused only
on predicting phenotypic severity of uncertain gene variants [12].

Previously, we have analyzed correlations between various biochemical parameters of the
point mutations in the f9 gene and disease [hemophilia B (HB)] severity. We used the largest
possible collection of point mutations found in HB patients [15]. Despite the modest size of
the analyzed cohort (131 unique mutations), this study demonstrated positive correlations
between the disease severity and certain parameters at the nucleotide level, such as change
in free energy of messenger RNA (mRNA) and the change in codon usage frequency as a
result of mutation. These findings implied that incorporation of certain information at the
nucleotide level into prediction software can improve their predictive power and accuracy.
Furthermore, this study indicated that a gene-specific approach or a protein-specific
approach to build a mutation prediction tool may be very useful in examining occurrence
and severity of a specific disease where gene—disease linkage is clearly shown. Our current
study investigates the application of these amino-acid-based and nucleotide-based measures
to establish a gene- and disease-specific prediction tool capable of interpreting synonymous
mutations, using hemophilia A (HA) as a disease model.

HA is an X-linked disease caused by mutations in blood coagulation factor VIII (FVIII),
encoded by the f8 gene. FVIII is one of the key proteins in the blood coagulation cascade
that serves as a cofactor of factor X (encoded by f9 gene) and is stabilized by von
Willebrand factor. The FVIII protein is regulated by multiple proteins such as thrombin and
protein C. It is synthesized as a 2351-amino-acid pre-propeptide. After secretion, it is
cleaved into a leader sequence, heavy chain, and light chain, forming into the mature
(heterotrimer) active form FVIlla. HA is one of the most well studied genetic diseases, as
evidenced by the largest available database of f8 mutations that contains more than 2500
patient entries with various types of mutations including more than 1200 missense mutations
[CDC Hemophilia A Mutation Project (CHAMP)] [16]. Because of the clear linkage
between genetic mutation and disease (monogenic disease linked to the X chromosome), the
internationally uniform description of disease severity and the statistically significant
number of the known mutations, f8 and its mutations, were used as a model in the present
study.

First, we established a training set composed of non-synonymous severe HA-causing f8
point mutations in addition to synonymous and non-synonymous f8 neutral point mutations.
A variety of parameters measuring levels of conservation, amino acid properties, genomic
DNA, and mRNA properties were examined for associations to disease occurrence using
this database of f8 mutations. Next, selected biochemical parameters shown to have strong
association with HA were used to build a decision tree classifier for disease-causing
mutation prediction. Three test sets were established to test the decision tree: one containing
non-synonymous moderate and mild HA-causing 8 point mutations, another one containing
non-synonymous and synonymous HA-causing f8 point mutations, and a third test set
containing neutral and non-synonymous HB-causing f9 point mutations.
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Results

As a consequence of introduction of the information on the nucleotide level, the inferred
decision tree is capable of predicting the disease-causing possibility of the synonymous
mutations. This is a new important feature that no other prediction tool possesses.
Conceivably, the strategy of building the decision tree introduced here can be adapted to any
monogenic disease with publically available tools to obtain the same measured parameters
and establish alternative gene-specific prediction tools.

Statistical analysis of f8 mutations and HA occurrence

For the correlation analysis between mutation parameters and disease occurrence, neutral
and severe disease-causing f8 gene mutations from F8 Training Set were compared.
Discrete-valued features are compared by Chi-squared test, and continuous-valued features
are compared by unpaired Wilcoxon test. Among the parameters (over 30) tested
(Supplemental Table 1), several parameters were found to be statistically significant and
different between severe HA-causing and neutral f8 point mutations. Parameters with high
association to HA occurrence (p-value < 0.05) are summarized in Table 1. This analysis
demonstrates that nucleotide-level parameters have as much association to disease
occurrence as protein-level parameters.

A Best First feature selection method was used to identify more important features in our
training set for the decision tree, Tree A (Fig. 1). The algorithm returned the following list as
the result: conservation score without three-dimensional information, conservation score
with 2R7E.pdb, Aphosphorylation potential (mut-wild type) position in codon, MFE
(minimum free energy) (wild type) and GC ratio around the mutation site, type of nucleotide
change, codon usage, hydrophobicity scale (mut), and location in domain F5/8 type A
(Table 1). The most informative predictive features were related to both structure-and
sequence-based conservation levels of the mutated amino acid. Stacked bar histograms of all
analyzed features are shown in Supplemental Fig. 1.

Construction of decision tree for prediction of HA-causing mutations

Ten parameters were used in this decision tree to predict disease occurrence in missense
mutations. These include five at the protein level (conservation score with and without
structural information, hydrophobicity scale, Aphosphorylation potential, and domain F5/8
type A), three at the DNA level [position of the mutation in codon, nucleotide mutation type,
and RSCU (relative synonymous codon usage) based on genomic codon usage], and two at
the MRNA level [MFE of mRNA (150 nt) and GC ratio of mRNA (150 nt)]. To validate the
effectiveness of our tree, we trained the two alternative decision trees with F8 Training Set
excluding the 40 neutral synonymous mutations (Alternate Tree B) and with additional
mutations from F8 Test Set 1 (Alternate Tree C). These alternate trees showed weaker
predictive performance in comparison to Tree A. A user-friendly prediction software
“HApredictor” based on optimal construction, Tree A, has been developed and is available
for download at http://www.ncbi.nlm.nih.gov/CBBresearch/Przytycka/HA Predict/
index.htm.
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Figure 1 describes a detailed scheme of our decision tree. The optimal tree trained with the
F8 Training Set resulted in TP (true positive) counts of 205, TN (true negative) counts of
83, FP (false positive) counts of 19, and FN (false negative) counts of 28, resulting in a
sensitivity of 88%, a specificity of 81%, and an accuracy of 86% (balanced accuracy 83%)
(Table 2).

Evaluation of the decision tree and comparison with other software

The optimally trained decision tree was further tested on two training sets of known HA-
causing mutations in f8: F8 Test Set 1, which contained moderate and mild non-
synonymous mutations, and F8 Test Set 2, which contained severe, moderate, and mild
non-synonymous and synonymous mutations. The test resulted in 80% accuracy (TP = 290
and FN = 72) for F8 Test Set 1 and in 74% accuracy (TP = 324 and FN = 113) for F8 Test
Set 2 (Table 2). All three f8 mutation datasets can be found in Appendix.

Five commonly used prediction software, PolyPhen-2, SIFT-DNA, PROVEAN, Mutation
Assessor, and Condel were examined for disease prediction of hemophilia-causing
mutations to compare with our established decision tree method. Default threshold settings
were used to determine predictions shown in Table 2. For each method, the corresponding
threshold value was altered to generate the ROC (Receiver Operating Characteristics) plot
shown in Fig. 2. At default threshold levels, predictions for the F8 Training Set generated
by PolyPhen-2 contained a highest calculated sensitivity with 94.42%, but specificity was
the second lowest at 64.52% (Table 2). As indicated in Fig. 2, all existing tools showed
similar AUC (area under curve) values, further demonstrating similar performance. Our
decision tree classifier performed comparably to the best of these tools.

Application of decision tree for prediction of HB-causing mutations

As an additional method of testing our decision tree, the tree trained with F8 Training Set
was applied to a set of point mutations in f9 (F9 Test Set). The comparison of our decision
tree results and prediction by other tools are shown in Table 3. The decision tree trained by
F8 Training Set was less accurate in predicting f9 mutations but still gave performance
similar to existing tools. This is not a surprise since all parameters except for the “domain”
attribute in the 10 parameters are not completely unique to individual protein. The three mild
HB-causing synonymous mutations included in this dataset were predicted incorrectly as
neutral variations due to extremely low conservation levels; however, all 13 neutral f9
synonymous mutations in this test set were predicted correctly.

Application of decision tree for prediction of disease-causing synonymous mutations

Our decision tree model gave us the opportunity to study the damaging effect of
synonymous mutations. Although the very low number of known disease-causing
synonymous mutations in f8 (3 of 10) did not allow a strong statement about predicting the
disease-causing potential of synonymous mutations, a high percentage of healthy
synonymous variations were predicted correctly. Specifically, of the 40 synonymous
variations in the F8 Training Set, 33 were correctly predicted by the optimal decision tree.
When trained with only non-synonymous mutations, only 31 of 40 neutral synonymous
variations were predicted correctly by Alternate Tree B. Furthermore, all 13 neutral
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synonymous variations in the F9 Test Set were correctly predicted as well. Finally, noting
that alternate tree B is over-performed by Tree A, which had synonymous mutations in its
training set, suggests that there is valuable information hidden in synonymous mutations that
helps to improve our understanding of disease-causing factors.

Discussion

We propose a new gene- and disease-specific strategy of constructing a prediction tool to
evaluate the impact of single point mutations on protein function. While many online
predictive tools have been available for years, the advantage of this particular predictor is its
ability to predict the functional impact of mutations on a disease-specific basis. Most
previously available tools utilized forms of multiple sequence alignment methods and
protein homology modeling (in the case of PolyPhen-2) to establish predictions calculable
for a wide range of proteins. While this allows for universally applicable calculations, two
limitations arise: (1) Predictions are of limited value when there is limited homology
modeling and sequence alignment available, and (2) synonymous mutations cannot be
examined with this method because of amino-acid-based inputs and computations. In
contrast, our proposed approach is disease specific and utilizes other parameters not limited
to multiple sequence alignment.

We used f8-HA linkage as a proof of concept for the decision-tree-based classifier we
developed. HA is historically one of the best-studied genetic diseases, and because it is an
X-linked disease, damage on the FVIII protein directly affects the individual as a symptom.
Although multiple sequence alignment is also utilized in our decision tree, the majority of
the attributes contained in the decision tree assess gene- and protein-specific variations. In
the context of our study, this strategy proves beneficial when evaluating mutations located in
the B-domain of FVIII, which does not have a structural homolog [17]. As shown in
Supplemental Table 2, our decision tree yields the highest combination of sensitivity (36%)
and specificity (100%) compared to other tools when examining these B-domain mutations.
All neutral B-domain mutations are in the F8 Training Set, and this could have contributed
to the high specificity of our decision tree. An important advantage of the construction
strategy of the prediction tool is its capability to analyze synonymous mutations due to
inclusion of mutational attributes on the nucleotide level. The ability of the proposed
prediction tool to interpret and evaluate the disease-causing synonymous mutations is likely
to become even more relevant as more examples of disease-causing synonymous mutations
are being revealed [18-20]. Understanding the disease-causing properties of synonymous
mutations is also important in the context of drug design. Among the modifications
practiced to recombinant proteins as therapeutic drugs, synonymous mutations are
introduced with the least concern of its impact to the quality and potency of the products.
However, understanding the significance of synonymous mutations has been changing in the
last decade; it has been shown that synonymous mutations can influence protein folding that
is critical for the structure of the whole protein and can be crucial for the protein function
[21,2].

The parameters used in our prediction tool were selected due to their strong associations to
HA disease severity and occurrence. Not all parameters with strong associations to HA
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disease severity and occurrence were used in the decision tree. On the nucleotide level, the
mutation position in the codon, type of nucleotide change (transition/transversion), codon
usage (RSCU), and Gibbs free energy of mRNA fragments are clearly shown to have highly
positive associations. Several of these measurements were also previously indicated to have
functional impacts on other proteins [22,15] and have been emphasized further in this study.
The significance of codon usage, represented by RSCU, suggests that the balance of supply
and demand of specific aminoacyl-tRNA might affect the local translation rate/rhythm. In
particular, changes in codon usage could impact local co-translational folding and
consequently affect the total folding of the resulting protein. Therefore, it is becoming a
common consensus that a change in codon, even a synonymous one, has the possibility to
lead to the change in the nature of the protein such as misfolding, aggregation, mislocation,
or loss of activity. The local mMRNA stability, represented by Gibbs free energy of mRNA
fragment, is one of the contributing features in our decision tree components. This parameter
suggests the local secondary structure that could affect half-life of the mRNA and/or
accessibility of the anticodon to the corresponding aminoacyl-tRNA.

One attribute that was additionally investigated was mutation proximity to splicing sites.
Since a splice site disruption would result in the synthesis of an incomplete or dysfunctional
protein, this attribute jointly affects the gene and the protein. The distance accountable for
splicing disruption was assessed by changing the distance under the range of 20 nt. As
shown in Supplemental Fig. 2, variations close to splice sites are more likely to be disease-
causing mutations than neutral. The most significant association with HA comparing severe
and neutral mutations was observed when distance was set to <8 nt (p-value = 0.09;
Supplemental Fig. 2). However, this parameter did not contribute to the decision tree.

Ideally, predicting disease severity is the next goal. However, among the parameters at both
the protein level and the nucleotide level used in this study, only conservation score with
2RT7E.pdb was significantly differentiable for severe and moderate cases of HA (p-value =
4e-06). In Supplemental Fig. 3, one can observe how the distribution of conservation score
changes for different levels of severity. Although the association of the conservation score
with 2R7E.pdb information to the HA severity is indeed striking and may prove to be
important for disease severity prediction in general, it still did not provide enough
information to allow for accurate prediction of disease severity and additional factors still
need to be identified.

Interestingly, application of the f8-trained decision tree to the f9 mutation cohort showed
reasonable success. Although both are involved in the blood coagulation cascade, factor VIII
and factor X, gene products of f8 and f9, are very different proteins in their nature and
function. The good performance of this decision tree on f9 mutations may indicate the
possibility of common/similar molecular mechanisms behind the associations for different
types of disease-causing proteins. In general, our HA-specific predictor is not expected to
provide accurate predictions for other diseases. However, the principle behind our approach
is general.

Currently, many medical studies are focused on particular diseases. As more disease-causing
mutations are discovered by such studies, disease-specific prediction tools will provide more
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accurate alternative to generic approaches. This paper presents a proof-of-concept of
utilizing gene- and disease-specific parameters to successfully predict HA occurrence. We
expect that, in the future, similar analyses would be applied to other diseases.

Materials and methods

Figure 3 illustrates the flow of the study including the materials and the process. The
training set contained neutral and disease-causing f8 point mutations. After training, we
tested the decision tree using three disjoint sets.

Mutation/variation datasets

The f8 mutation HA-causing mutations were annotated using the wild-type f8 open reading
frame sequence derived from the National Center for Biotechnology Information (NCBI)
RefSeq NM_000132.3. The first nucleotide of the start codon was denoted as nucleotide
number one, and the first amino acid of the open reading frame, methionine, was denoted as
amino acid number one.

The disease-causing f8 mutations were retrieved mainly from CHAMP (released in
November 20122) [16]. Several additional mutations were added from individual reports
[23,24]. Only point mutations (synonymous and non-synonymous missense mutations) in
the coding region were chosen to be able to investigate the relationship between the
mutations and their association to HA. Therefore, deletions, insertions, and mutations with
undefined nucleotide sequence or severity information were excluded. Patients carrying
multiple mutations and carrier females were also excluded from the analysis. The final set of
unique HA-causing mutations included 1022 non-synonymous and 10 synonymous
mutations.

The neutral (nondisease-causing) f8 mutations were selected from the cSNP list for human
f8 from NCBI dbSNP: Short Genetic Variations3. The final set of neutral 8 variations
included 62 non-synonymous and 40 synonymous point mutations.

Compiled mutations are grouped into exclusive datasets as summarized in Table 4. Severe
disease-causing f8 mutations, which were reported before 2007, along with neutral
mutations, have been used to train our classifier model. The remaining mutations are all
used to test the classifier. To further evaluate our model, we applied it to the set of HB-
causing f9 mutations previously collected, in addition to all neutral f9 variants chosen from
the dbSNP database [15]. Composition details of this dataset, which contains both non-
synonymous and synonymous point mutations, are also reported in Table 4.

While the intron 22 inversion is found in 30-45% of severe HA patients, missense mutations
are found in about 40% of all the HA patients, and they comprise nearly half of all unique
mutations found among all types of mutations in HA [16].

2http://www.cdc.gov/ncbddd/hemophiIia/champs.html
3http://www.ncbi.nlm.nih.gov/SNF’/
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Severity determination

According to International Society of Thrombosis and Haemostasis criteria, severity of HA
is categorized into three levels: “severe” (clotting activity level,<1% of normal level),
“moderate” (clotting activity level 2, <5%), and “mild” (clotting activity level 6, <40%),
where normal level of clotting activity is 1 U/mL. Mutations were divided into these three
groups based upon the FVIII activity levels associated with the patients carrying the
mutation (Table 4). For the mutations that did not have a corresponding activity level listed
in the databases, data from the article in which the mutation was originally described were
retrieved. In some cases where patients with different severities were reported with the same
mutation, the most common severity was chosen. When the number of patients with
different severities was equal, the more severe phenotype was recorded.

Mutation characterization

After the construction of mutation datasets, each mutation was characterized with multiple
nucleotide-, amino-acid-, and structure-based features. The characteristics included those at
the protein level (nature of individual amino acid, location in secondary structure or domain,
conservation in primary sequence and structure, and possible impact in phosphorylation or
structure), those at the DNA level (possible impact to splicing, codon usage reflected by
RSCU, codon position of the mutation, and type of nucleotide change), and those at the
mRNA level (free energy of local RNA secondary structure around the mutation locus and
GC content of wild-type mRNA fragment). Some of the f8 mutation data source reported
inhibitor development, an issue in HA treatment, but the report rate was low (4.2%). These
parameters are summarized in Supplemental Table 1. The amino acid conservation with and
without consideration of structural information (2R7E.pdb) was obtained using the ConSurf
program# [25]. Hydrophobicity scales were calculated based on the method of Kyte and
Doolittle [26]; phosphorylation potential, using NetPhos® [27]; N-linked glycosylation
potential, using NetNGch6 [28]; and N-linked salfation score, using Sulfinator’ [29].
Information about the secondary structure elements and FVIII functional domains were
obtained from UniProtkB Web site8 [30]. The charge of the amino acid was determined as
follows: positively charged residues lysine, arginine, and histidine, 1; negatively charged
residues glutamic acid and aspartic acid, —1; all others, 0.

mMRNA characterization

Secondary structure of MRNA and associated Gibbs free energy (AG) predictions were
performed using the mfold software [31] based on the nearest neighbor free energy model.
The associated MFE value for each nucleotide is the average MFE for all subsequences of
size w that includes the mutated nucleotide. The RNA structure with the lowest free energy
structure of a given mRNA is the most stable one in the ensemble of all possible structures.
The difference in mMRNA MFE between mutant and wild type was calculated using the
formula AMFE = MFEpytant = MFEwid type- Relative entropy between the Boltzmann

4http://consurftest.tau.ac.iI/
5http://www.cbs.dtu.dk/services/NetPhos/
6http://vvww.cbs.dtu.dk/services/NetNGch/
7http://vveb.expasy.org/suh‘inator/
http://www.uniprot.org/
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structural ensembles of the native and mutant RNA was also calculated for each mutation
[32]. GC ratio of each size of mMRNA fragment was measured. We examined mRNA
segments of w= 25, 50, 75, and 150 nt lengths.

The distance from splice site of the neutral and HA-causing mutation sites was examined
using a range 0-20 nt from a splice site. All the mutations in our mutation datasets were in
exon regions, and mutations within 8 nt from the splice junction were scored as “near
splicing sites”.

Codon usage represented by RSCU

RSCU values were calculated as performed previously [2]. RSCU is a measure of codon
usage bias and may be indicative of translation rate around a particular codon triplet.
ARSCU = RSCUpytant = RSCUyilg type represents a change in the RSCU values as a
consequence of the specific mutation in the gene. The RSCU values were calculated using
codon usages of both the entire human genome and the human f8 gene. A negative ARSCU
value suggests that the mutant codon is less common than the wild-type codon.

Decision tree classifier for disease-causing prediction

To understand the predictive power of the collected features for disease-causing impact, we
built a classifier based on the C4.5 decision tree induction algorithm (using package J48 in
WEKA\) [33]. The decision tree classifier is a graph-shaped model where each node
represents a decision. Each path from root to a leaf in the tree structure determines a course
of actions that leads to a possible classification.

We constructed our decision tree classifier using a 10-fold cross-validation technique on the
F8 Training Set. This optimal tree (Tree A) was trained by only “severe” mutations in
order to benefit from high feature scores as well as the balanced volume of data. Note that
training the tree using more disease-causing mutations can lead to an overfitting problem
due to the unbalanced ratio of known neutral f8 mutations to disease-causing mutations (it
has been tested using alternative Tree C).

The decision tree classifier performed as accurately as or more accurately than other
machine-learning approaches including Naive Bayes, logistic regression, and random
forests. We chose the decision tree because of its simplicity and intuitiveness properties.

Use of publically available prediction software

Five publically available online tools, PolyPhen-2 (Version 2.1.0)9, SIFT dbSNP (build
132)10, PROVEAN (Version 1.1)11, Condel (Version 1.5)12, and Mutation Assessor
(Version 2)13, used for prediction of amino acid substitutions in proteins were tested with
our HA-causing and HB-causing mutation training and test sets. Point mutations were
entered as amino acid substitutions, and NCBI reference sequence 1Ds for FVIII

9http://genetics.bwh.harvard.edu/pphZ/
Onttp://sift.bii.a-star.edu.sg/
11http://provean.jcvi.org/index.php
12http://bg.upf.edu/condel/home
http://mutationassessor.org/
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(NP_000123) and FIX (NP_000124) were implemented. Software was used with default
settings for the performance test.

PolyPhen-2: To assess prediction accuracy, we used the “pph2_class” parameter, which
labeled mutations as “deleterious” or “neutral”. Under default thresholds, PolyPhen-2
classifies any mutation with pph_FPR < 0.1 to be deleterious and those with pph_FPR >
0.1 to be neutral.

SIFT: Functional predictions were assessed using the “prediction” parameter using the
SIFT batch protein tool available online, which divides mutations into tolerant and
damaging mutations. Default threshold values set SIFT score < 0.05 to be damaging.

PROVEAN: Variant predictions are based on a Aalignment score value of -2.5, where
predicted deleterious mutations have lower scores and neutral mutations have higher
scores.

Condel: The default threshold value for the Condel Web service is set at approximately
0.467, where mutations with a Condel score greater than 0.467 will be assigned as
“deleterious” and with others assigned as “neutral”. Mutation Assessor: Functional
predictions of Mutation Assessor are given with a quaternary classification system
based on a “functional impact score” of increasing likelihood of functional damage,
where functional impact scores greater than 1.938 resulted in functional damage and
those below 1.938 resulted in non-functional damage.

The PolyPhen-2 Web server utilizes protein sequences from the UniProtKB Release 2011 0
and protein structure from PDB/DSSP 06-Apr-2011. The SIFT dbSNP Protein Tool (using
NCBI dbSNP build 132) was used to obtain prediction results. The PROVEAN Protein Tool
utilizes NCBI dbSNP build 137 to obtain variants. The Mutation Assessor release 2 that was
used for computations included data from Pfam 26, Nov 2011, PDB 13-Jul-2012,
UniProtkKB 2012_07, RefSeq release 54, and NCBI build 37 version 3. Condel scores were
obtained from the Condel Web server, which creates a consensus score derived from SIFT,
PolyPhen-2, and Mutation Assessor.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Abbreviations used

HA
HB
UniP
NCB

hemophilia A
hemophilia B
rotkB UniProt Knowledgebase

| National Center for Biotechnology Information

RSCU relative synonymous codon usage
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3 1,2 More conserved
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More hydrophobic
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RSCU-genome (WT) |
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. Disease causing mutation
. Neutral mutation

Fig. 1.
Optimal decision Tree A for HA-causing prediction trained by severe HA-causing mutations

and neutral f8 variants. Nucleotide features are shown in boldface. Threshold values were
determined using the Best First feature selection method from both disease-causing and
neutral mutations.
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Performance comparison of five point mutation prediction tools. Equations used to calculate
TP and FP values are shown below. The mutations in the F8 Training Set were used to
establish this ROC curve. Synonymous mutations and unavailable calculations are not taken

into account.
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F8 Training Set
233 Severe HA-causing non-synonymous missense mutations
and 40 Neutral synonymous and 62 non-synonymous variants

e Characterization of variants B
using
nucleic acid and proteomic
I attributes J
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Feature selection

‘ Established Decision Tree with

10-Fold Cross-validation

F8-specific parameters

LN g

-, .
F8 Test Set 1 ' F8 Test Set 2 ) F9 Test Set
(154 moderate and 208 mild (168 severe, 106 moderate, 153 mild, (86 severe, 25 moderate, and
HA-causing mutations) and 10 synonymous 20+3#menymaus mild HB-causing mutations
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J HA-causing mutations J (12 non-synonymous and 13 synonymous)

Fig. 3.
Flow chart of construction of decision tree for prediction of disease-causing mutations.

J Mol Biol. Author manuscript; available in PMC 2014 November 01.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duasnuely Joyny Yd-HIN

Hamasaki-Katagiri et al.

Table 1

Page 17

Parameters with significant differences among severe disease-causing and neutral f8 mutations (F8 Training

Set)

Feature Mean (range) p-Values
Severe Neutral Wilcoxon  Chi-square

Secondary structure 8.21e-06
Domain F5/8 type A 4.11e-17
Domain plastocyanin like 1.06e-16
Sequence conservation score -0.84 (-1.32 to 1.45) 0.36 (-1.29 to 2.79) 8.3e-27
Structure conservation score -0.88 (-1.39 to 1.65) 0.52 (-1.37t0 2.17) 1.7e-32
AHydrophobicity scale -0.62 (9.0 t0 8.3) 0.30 (-5.40 to 7.70) 0.014
APhosphorylation potential 0.05 (-0.997 to 0.995) —0.06 (-0.99 to 0.99) 1.06e-3
AChange type 4.18e-4
Cysteine involved? 7.53e-3
Position in codon 3.54e-13
Type of mutation 0.02
Relative entropy, w = 150 nt 2.77 (0.126-10.42) 2.14 (0.125-7.72) 4.93e-05
MFE (wild type), w=150nt  -29.98 (-37.8310 19.37) —-25.93(-36.27 t0 16.40)  1.26e-14
GC ratio, w= 150 nt 0.44 (0.33-0.52) 0.42 (0.33-0.51) 6.44e-09

Parameters appeared in feature selection analysis are indicated in boldface.
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