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Abstract
Nonsynonymous single nucleotide polymorphisms (nsSNP)
have the potential to affect the structure or function of
expressed proteins and are, therefore, likely to represent
modifiers of inherited susceptibility. We have classified and
catalogued the predicted functionality of nsSNPs in genes
relevant to the biology of cancer to facilitate sequence-based
association studies. Candidate genes were identified using
targeted search terms and pathways to interrogate the Gene
Ontology Consortium database, Kyoto Encyclopedia of
Genes and Genomes database, Iobion’s Interaction Explorer
PathwayAssist Program, National Center for Biotechnology
Information Entrez Gene database, and CancerGene database. A total of 9,537 validated nsSNPs located within
annotated genes were retrieved from National Center for

Biotechnology Information dbSNP Build 123. Filtering this
list and linking it to 7,080 candidate genes yielded 3,666
validated nsSNPs with minor allele frequencies z0.01 in
Caucasian populations. The functional effect of nsSNPs in
genes with a single mRNA transcript was predicted using
three computational tools—Grantham matrix, Polymorphism
Phenotyping, and Sorting Intolerant from Tolerant algorithms. The resultant pool of 3,009 fully annotated nsSNPs is
accessible from the Predicted Impact of Coding SNPs database at http://www.icr.ac.uk/cancgen/molgen/MolPopGen_
PICS_database.htm. Predicted Impact of Coding SNPs is an
ongoing project that will continue to curate and release data
on the putative functionality of coding SNPs. (Cancer
Epidemiol Biomarkers Prev 2005;14(11):2598 – 604)

Introduction
Much of the familial aggregation of common cancer results from
inherited susceptibility, but highly penetrant mutations in
known genes cannot account for most of the excess risk (1).
Some of the unexplained familial risk is presumably due to
high-penetrance mutations in as yet unidentified genes, but
polygenic mechanisms may account for a greater proportion
(1, 2). A popular hypothesis about the allelic architecture of
susceptibility proposes that most of the genetic risk is caused by
disease loci where there is one common variant or a restricted
number of alleles (2). If true, the ‘‘common disease-common
variant’’ hypothesis implies that testing for allelic association
should be a powerful strategy for identifying low-penetrance
alleles. This inference, coupled with technological developments,
has led to a renaissance in association studies of common cancers.
The most common forms of variation in the human genome
are single nucleotide polymorphisms (SNP). Currently, there
are over 10 million human SNPs listed in publicly accessible
databases, of which 92,000 are located within protein coding
sequences (3). A fraction of these coding SNPs alter the
encoded amino acid sequence [nonsynonymous SNPs
(nsSNP)] and, therefore, have the potential to directly affect
the structure, function, and interactions of expressed proteins.
Nonsynonymous SNPs are proportionally less prevalent than
synonymous SNPs, which do not alter protein sequence,
presumably as a consequence of selection against the functional disruptions of amino acid variation. Although not all
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nsSNPs will have functional consequence, it is probable that a
significant proportion of the molecular functional diversity in
the human population is attributable to effects on protein
function mediated through this form of genetic variation.
The types of mutations in Mendelian disease genes, coupled
with issues of statistical power, provide a compelling rationale
for the application of a sequence-based approach to association
studies rather than complete reliance on a map of anonymous
haplotypes (4). Because genome-wide scans are still financially
challenging, adopting the strategy of limiting association
studies to specific candidate genes or pathways has considerable use. In such analyses, it is advantageous to prioritize
variants that may affect the structure or function of expressed
proteins.
Missense changes can be analyzed according to the
biochemical severity of the amino acid substitution and its
context within the protein sequence. The Grantham matrix (5)
predicts the effect of substitutions between amino acids based
on chemical properties, including polarity and molecular
volume. Using such criteria to classify amino acid changes, a
clear relationship between the severity of replacement and the
likelihood of clinical observation has been documented (4).
Recently, more sophisticated in silico algorithms have
become available to predict the effect of amino acid substitutions on protein structure and activity. Polymorphism
Phenotyping (PolyPhen; ref. 6) predicts the functional effect of
substitutions by assessing the level of sequence conservation
between homologous genes over evolutionary time, the
physiochemical properties of the exchanged residues, and
the proximity of the substitution to predicted functional
domains and structural features within the protein. Sorting
Intolerant from Tolerant (SIFT; ref. 7) predicts the functional
importance of an amino acid substitution based on the
alignment of highly similar orthologous and/or paralogous
protein sequences. Predictions rely on whether or not an amino
acid is conserved in the protein family, which can be indicative
of its importance to the normal function or structure of the
expressed protein.
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Here, we have computed the predicted effects of nsSNPs in
a series of genes relevant to the biology of cancer. A total of
3,666 nsSNPs validated in Caucasian populations were
identified across 7,080 candidate genes. The putative functional effect of each nsSNP was determined by means of the
Grantham matrix, PolyPhen and SIFT, and a pool of fully
annotated nsSNPs generated.

Materials and Methods
Selection of Candidate Cancer Genes. To capture as many
genes with potential relevance to the development of cancer
as possible, we sourced gene data from online databases
using both keyword and gene pathway queries. Genes were
identified by interrogating the Gene Ontology Consortium
database (8, 9), Kyoto Encyclopedia of Genes and Genomes
Homo sapiens database (10, 11), Iobion’s Interaction Explorer
PathwayAssist Program (12), National Center for Biotechnology Information (NCBI) Entrez Gene database (13, 14),
and the CancerGene database (15). The search categories
and gene pathways were as follows: amino acid metabolism;
binding; biodegradation of xenobiotics; catalytic activity;
cellular processes, growth, and death; development; enzyme
regulator activity; folding, sorting, and degradation; ligandreceptor interaction; metabolism of cofactors and vitamins;
nucleotide metabolism; physiologic processes; regulation of
biological processes; replication and repair; signal transduction and signal transducer activity; transcription and
transcription regulator activity; translation and translation
regulator activity; and transporter activity.
Bioinformatic Analyses
Filtering of LocusLink Genes. The complete NCBI LocusLink
Homo sapiens file (replaced March 2005 with NCBI Entrez
Gene; ref. 16) of autosomal genes was downloaded from the
LocusLink FTP website (November 2004). Ambiguous proteins; those entries prefaced with FLJ, HSPC, KIAA, LOC, or
PRO; hypothetical proteins; or those located tentatively within
chromosomal open reading frames were excluded from SNP
data mining, generating a list of 21,506 annotated genes.
Ethnicity-Based Selection of SNP Validation Panels. The minor
allele frequency (MAF) of many SNPs differs significantly
between ethnic groups (17). For pragmatic reasons, we chose to
restrict our curation of nsSNPs to those validated in Caucasian
populations. Details of populations for which allele frequency
data were available within the NCBI SNP database (dbSNP
Build 123, NCBI Human Genome Build 35; refs. 18, 19) were
reviewed to document ethnicity. Only panels based primarily
on genotypes derived from Caucasian individuals were
retained for further interrogation.
Database Mining for nsSNPs. We retrieved a total of 48,492
nsSNPs from dbSNP Build 123, which included the addition of
1.6 million new submissions (391,000 newly validated SNP)
since Build 122, corresponding with the release of NCBI
Human Genome Build 35. Complete dbSNP XML files (20) for
each autosome were parsed using an in-house generated Perl
script (available on request). Fields including chromosome,
LocusLink ID, mRNA accession, protein accession, and the
type of substitution were captured. SNP validation status and
MAF were extracted from plain text (msSQL) tables obtained
from the dbSNP FTP site; chromosome position and DNA
strand orientation were downloaded from the University of
California Santa Cruz (UCSC) Genome Browser Annotation
database (UCSC Human Genome Build hg17; ref. 21, 22) FTP
site (23).
For nsSNPs in genes with more than one mRNA transcript,
individual entries were recorded for each unique transcript to
reflect potential differences in amino acid numbering. Individ-

ual entries were also recorded where more than one allele
frequency submission (termed ‘‘ss_submission’’) was available.
Therefore, a nsSNP with two mRNA transcripts and three different ss_submissions resulted in a total of six separate entries.
A total of 48,492 nsSNPs were filtered to exclude variants
that mapped to the genome more than once (n = 2,602; 5.4%)
and variants not classified as true biallelic nsSNPs. SNPs that
were insufficiently validated were also excluded; variants in
dbSNP are validated by either multiple independent submissions; frequency/genotype data; alleles observed in at least
two chromosomes; or submission by the HapMap Consortium
(n = 26,312; 54.3%; refs. 24, 25). Entries were further filtered to
remove nsSNPs that lacked MAF data regardless of the
population source or genotyping method (n = 5,090; 10.5%)
or SNPs located within nonannotated genes (n = 4,951; 10.2%).
There were 15 nsSNPs where the reported chromosomal
location differed between the dbSNP and UCSC databases; in
each case, the SNP was unplaced on the relevant contig within
dbSNP and UCSC coordinates were entered.
Prediction of Potential nsSNP Functionality. We applied three
in silico algorithms—the Grantham Scale (5), the PolyPhen
algorithm (6, 26), and the SIFT algorithm (7, 27)—to predict the
putative effect of each nsSNP on protein function.
Grantham scores, which categorize codon replacements into
classes of increasing chemical dissimilarity, were designated
conservative (0-50), moderately conservative (51-100), moderately radical (101-150), or radical (z151) according to the
classification proposed by Li et al. (28).
PolyPhen predicts the functional effect of amino acid
changes by considering evolutionary conservation, the physiochemical differences, and the proximity of the substitution to
predicted functional domains and/or structural features.
Protein sequences within which nsSNPs were identified were
obtained from the NCBI human RefSeq database (29, 30).
Homologous protein structures were retrieved from the
protein quaternary structure database (31) to determine the
proximity of the substitution to annotated ‘‘features’’ in
the SwissProt database (32, 33). Conversion between SwissProt
and NCBI protein accession numbers was facilitated by the
UCSC Annotation database ‘‘kgxref’’ table (UCSC FTP site).
PolyPhen scores were designated probably damaging (z2.00),
possibly damaging (1.50-1.99), potentially damaging (1.251.49), borderline (1.00-1.24), or benign (0.00-0.99) according to
the classification proposed by Xi et al. (34).
SIFT predicts the functional importance of amino acid
substitutions based on the alignment of orthologous and/or
paralogous protein sequences (7). SIFT (7, 35), which uses
NCBI PSI-BLAST (36, 37), was obtained in stand-alone form
from the author’s website. Wild-type protein sequences were
obtained from the NCBI human RefSeq database; sequences of
related proteins for SIFT comparison (UniProt/Swiss-Prot and
UniProt/TrEMBL) were sourced from the UniProt Resource
(38, 39). Protein sequences used for alignments were extracted
from RefSeq using the EMBOSS seqret and dbifasta tools (40,
41). All data were preprocessed for SIFT input by a series of
Perl scripts; an additional script coordinated sequence retrieval, SIFT automation, and data collection (available on request).
SIFT scores were classified as intolerant (0.00-0.05), potentially
intolerant (0.051-0.10), borderline (0.101-0.20), or tolerant
(0.201-1.00) according to the classification proposed by Ng
et al. (7) and Xi et al. (34).
Statistical Analyses. Concordance between the functional
consequences of each nsSNP predicted by the three in silico
methods and the relationship between putative functionality
and MAF was assessed using Spearman’s rank correlation
coefficient q. Confidence intervals for correlation coefficients
were calculated via Fisher’s transformation, whereby the
correlation q is converted to a z-score using the formula z =
(1 / 2) ln [(1 + q) / (1 q)]. Ninety-five percent confidence limits
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were then calculated and transformed back to the correlation
scale via the inverse Fisher transformation. Weighted averages
and SDs of MAFs were computed using the number of
chromosomes in each population data set as weights. Mean
MAFs for each SNP were compared between the Caucasian and
non-Caucasian populations by t tests assuming unequal variances, using Satterthwaite’s formula to determine the appropriate degrees of freedom for the t distribution. Results were
adjusted for multiple testing using a Bonferroni correction and
tested at a 95% significance level. The numbers of total counts
and number of submissions were compared across all SNPs
between Caucasian and other populations using a paired t test.

Results
Candidate Gene Selection and nsSNP Curation. Figure 1
shows a flow diagram depicting the various stages (I-VIII)
involved in the filtering, selection, and cataloguing of nsSNPs.
Stages I to IV: Retrieval of nsSNPs from dbSNP and Filtering of
Annotated LocusLink Genes. From a total of 48,492 nsSNPs listed
in dbSNP, we compiled a data set of 9,537 validated biallelic
nsSNPs (19.7%) with frequency data from at least one
population (regardless of composition, sample size, genotyping method, or MAF) located within 1 of 21,506 annotated

Figure 1. Flow diagram of the processes involved in selecting and filtering nsSNPs in candidate cancer genes.
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Table 1. Distribution of the number of validated nsSNPs
per gene
No. nsSNPs within
the same gene

No. genes
(total 21,506)

Cumulative no.
nsSNPs (total 9,537)

0
1
2
3
4
5
6
7
8
9
10
11+

16,574
2,797
1,112
485
245
94
66
48
33
14
10
28

0
2,797
5,021
6,476
7,456
7,926
8,322
8,658
8,922
9,048
9,148
9,537

genes from the LocusLink database (Supplementary Table S1).
The loss of 38,955 nsSNPs from the original download of 48,492
nsSNPs is attributable to nonvalidation or ambiguous positional
data of SNPs or their location within nonannotated genes
(Fig. 1). Only 4,932 of 21,506 annotated genes (23%) contained at
least one validated nsSNP with associated MAF data (average of
1.9 nsSNPs per gene), suggesting that the screening and
validation of nsSNPs to date has been biased toward a relatively
small subset of genes. Distribution of the 9,537 nsSNPs across
21,506 annotated genes is shown in Table 1.
Stage V: Curation of Candidate Cancer Genes. Genes of
potential relevance relevant to cancer a priori were identified
by interrogation of Gene Ontology (n = 5,907), Kyoto Encyclopedia of Genes and Genomes (n = 1,754), PathwayAssist (n =
1,620), Entrez Gene (n = 1,070), and CancerGene (n = 2,527)
databases. Excluding redundancy between lists yielded a total
of 7,080 genes (Supplementary Table S2). The number of nsSNPs
with frequency data in the 7,080 candidate genes was 5,188, with
2,608 candidate genes (37%) containing at least one nsSNP
(average of 2.0 nsSNPs per gene). Stipulating a minimum MAF
of z0.01 reduced the number of nsSNPs to 4,839 in 2,445
candidate genes (average of 2.0 nsSNPs per gene).

Stages VI to VIII: Curation of nsSNPs by Ethnicity. Two
hundred and fifty-one of the 461 populations listed within
dbSNP Build 123 were used to curate data on nsSNPs. The
number of nsSNPs in 21,506 annotated genes with frequency
data sourced from at least one of the 251 Caucasian
populations was 8,723, with 4,675 genes (22%) containing at
least one nsSNP (average of 1.9 nsSNPs per gene). Specifying
a MAF z0.01 reduced the number of nsSNPs to 6,778 in
3,928 genes (average of 1.7 nsSNPs per gene). The number of
nsSNPs in the specified 7,080 candidate cancer genes with
MAF z0.01 in at least one of the specified 251 Caucasian
populations was 3,666 nsSNPs in 2,052 genes. This accounted
for 8% of the 48,492 nsSNPs reported in dbSNP Build
123 (Fig. 1). For each of the 2,547 nsSNPs with MAF
information represented in both Caucasian and non-Caucasian
populations, 1,737 (68%) had significantly different average
MAF between populations (Supplementary Table S3). The
number of chromosomes genotyped and number of unique
ss_submissions per nsSNP were both significantly different
between the 251 Caucasian and 210 non-Caucasian populations (mean total chromosome counts in Caucasian and
non-Caucasian populations were 204 and 735, respectively;
P < 0.001; mean numbers of ss_submissions in Caucasian
and non-Caucasian populations were 2.5 and 3.1, respectively;
P < 0.001; Supplementary Table S3).
Prediction of the Functional Effect of nsSNPs and
Correlation between Algorithm Predictions
Putative Functionality of Curated nsSNPs. The distribution of
the putative functional effect of validated nsSNPs with MAF
z0.01 according to Grantham, PolyPhen, and SIFT algorithms
is shown in Table 2. The data do not include nsSNPs
resulting in premature termination of the wild-type protein;
as such, predictions cannot be generated using these
algorithms. For genes where there is more than one mRNA
transcript, PolyPhen and SIFT predictions were often transcript-dependent, owing to differences in the predicted
protein structure or surrounding amino acids. For consistency, we restricted correlations to 3,009 nsSNPs mapping within
1,711 genes with a single mRNA transcript (Supplementary
Table S3).

Table 2. Distribution of functional predictions across validated nsSNPs with MAF z0.01 in Caucasian populations (data
obtained from stages VII and VIII) using Grantham, PolyPhen, and SIFT algorithms
Score

Grantham
0-50
51-100
101-150
z151
Total
PolyPhen
0.00-0.99
1.00-1.24
1.25-1.49
1.50-1.99
z2.00
Total
SIFT
0.00-0.05
0.051-0.10
0.101-0.20
0.201-1.00

Prediction of
functionality

Predictions for
3,666 nsSNPs

Predictions for 3,009
nsSNPs in single
mRNA genes

Predictions meeting
minimum inclusion
criteria

Conservative
Moderately conservative
Moderately radical
Radical
No prediction

1,544
1,513
407
202
—
3,666

1,264
1,241
332
172
—
3,009

1,264
1,241
332
172
—
3,009

Benign
Borderline
Potentially damaging
Possibly damaging
Probably damaging
No prediction

N/A
N/A
N/A
N/A
N/A
N/A

1,263
349
381
427
230
359
3,009

706
177
215
263
162
—
1,523

Intolerant
Potentially intolerant
Borderline
Tolerant
No prediction

N/A
N/A
N/A
N/A
N/A

583
176
262
1,304
684
3,009

324
117
198
987
—
1,626

Total
Abbreviation: N/A, not applicable.
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Table 3. Correlation between Grantham and SIFT, Grantham and PolyPhen, and PolyPhen and SIFT predictions
Grantham prediction

SIFT prediction
Tolerant
Borderline
Potentially intolerant
Intolerant
Total

Conservative

Moderately conservative

Moderately radical

471
94
46
100
711

418
66
53
128
665

79
29
13
57
178

(29.0)
(5.8)
(2.8)
(6.2)
(43.7)

(25.7)
(4.1)
(3.3)
(7.9)
(40.9)

(4.9)
(1.8)
(0.8)
(3.5)
(10.9)

Radical

Total

19 (1.2)
987 (60.7)
9 (0.6)
198 (12.2)
5 (0.3)
117 (7.2)
39 (2.4)
324 (20.0)
72 (4.4)
1626 (100)
q = 0.188; 95% CI: 0.234, 0.141

Grantham prediction

PolyPhen prediction
Benign
Borderline
Potentially damaging
Possibly damaging
Probably damaging
Total

Conservative

Moderately conservative

Moderately radical

381
79
97
84
25
666

266
82
96
115
68
627

43
14
18
52
34
161

(25.0)
(5.2)
(6.4)
(5.5)
(1.6)
(43.7)

(17.5)
(5.4)
(6.3)
(7.6)
(4.5)
(41.2)

(2.8)
(0.9)
(1.2)
(3.4)
(2.2)
(10.6)

Radical
16
2
4
12
35
69

Total

(1.1)
706 (46.4)
(0.1)
177 (11.6)
(0.3)
215 (14.1)
(0.8)
263 (17.3)
(2.3)
162 (10.6)
(4.5)
1,523 (100)
q = 0.281; 95% CI, 0.234, 0.326

SIFT prediction

PolyPhen prediction
Benign
Borderline
Potentially damaging
Possibly damaging
Probably damaging
Total

Tolerant

Borderline

359
76
92
68
32
627

57
20
21
27
10
135

(34.2)
(7.2)
(8.8)
(6.5)
(3.0)
(59.7)

(5.4)
(1.9)
(2.0)
(2.6)
(1.0)
(12.9)

Potentially intolerant
25
8
12
17
10
72

(2.4)
(0.8)
(1.1)
(1.6)
(1.0)
(6.9)

Intolerant

Total

37 (3.5)
478 (45.5)
15 (1.4)
119 (11.3)
32 (3.0)
157 (15.0)
72 (6.9)
184 (17.5)
60 (5.7)
112 (10.7)
216 (20.6)
1050 (100)
q = 0.442; 95% CI, 0.490, 0.392

NOTE: Percentages are shown in parentheses.
Abbreviation: 95% CI, 95% confidence interval.

Grantham scores were generated for all 3,009 nsSNPs
mapping to a single mRNA transcript (Table 2). PolyPhen
predictions were obtained for 2,650 of the 3,009 nsSNPs (88%)
from 1,529 of the 1,711 genes (89%). We excluded predictions
generated using less than six protein sequences in the
alignment as these could be unreliable, yielding a total of
1,523 PolyPhen predictions used to calculate correlations
(Table 2). SIFT scores could be generated for 2,325 of the
3,009 nsSNPs (77%) from 1,382 of the 1,711 genes (81%). As
with PolyPhen, SIFT predictions based on fewer than six
aligned sequences were not included in analyses as these have
been shown to be unreliable (42). Also excluded were SNPs
where the median SIFT sequence conservation score was >3.25
as such scores can indicate that the substitution is at a position
that is evolving and could, therefore, be unstable (43). After
these exclusions, a total of 1,626 SIFT predictions were curated
(Table 2).
Correlation between Grantham, PolyPhen, and SIFT predictions.
Table 3 shows the relationship between the functional
consequences of nsSNPs predicted by each of the three
predictive algorithms for 3,009 nsSNPs located within genes
with a single mRNA transcript. Correlations were calculated
from raw scores rather than the arbitrarily defined categories
in Materials and Methods. There was significant correlation
between the predictions obtained using Grantham and SIFT
algorithms (q = 0.188; P < 0.0001); however, 228 nsSNPs with
Grantham scores deemed at worst moderately conservative
(V100) had SIFT scores indicative of intolerant substitutions
(V0.05). SIFT predictions for these nsSNPs were based on
between 7 and 400 sequences per alignment (median number,
72) across 205 genes. Concordance between the Grantham and
PolyPhen predictions was stronger than that between Gran-

tham and SIFT predictions (q = 0.281; P < 0.0001). The
strongest concordance was observed between PolyPhen and
SIFT predictions (q = 0.442; P < 0.0001).
Relationship between Putative Functionality of nsSNPs and
MAF. To examine the relationship between putative functionality of polymorphisms and MAF, we restricted our analysis to
nsSNPs for which MAF data were available within the
Perlegen European American AFD_EUR_PANEL (dbSNP
Population_ID 1371). This panel is based on genotypes
generated from 24 unrelated individuals of European-American descent drawn from the Coriell Cell Repository. Although
only alleles with frequency of at least 0.03 will have 80%
probability of being represented, the panel provides the most
extensive MAF data across our final nsSNP list, with
submissions for 1,090 of the 2,099 (52%) nsSNPs scored by at
least two of the three predictive algorithms. Moreover, using a
single population panel removes potential bias associated with
averaging MAF across populations that vary in size and
composition.
The relationship between Grantham, PolyPhen, and SIFT
predictions and MAF derived from the Perlegen EuropeanAmerican population panel is shown in Table 4. An association
between predicted functionality derived from each of the three
algorithms and MAF was observed, with correlations
predicted by PolyPhen (q = 0.113; P = 0.0019) and SIFT
(q = 0.171; P < 0.0001) being significant.

Discussion
Not all nsSNPs directly affect protein function. In the absence
of functional data, it is advantageous to use computational
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tools to identify those most likely to affect wild-type protein
function. To facilitate sequence-based association studies, we
have created a database of the Predicted Impact of Coding
SNPs (PICS) for cancer association studies using information
archived by NCBI dbSNP, a public database with an open
submission policy whereby SNP data are accepted regardless
of allele frequency or genotyping technique. Inevitably, there
are errors in submissions, a potential problem that dbSNP
has attempted to address by designating SNPs as either
‘‘validated’’ or ‘‘unvalidated.’’ To avoid including erroneous
SNPs, we catalogued only validated nsSNPs with frequency
submissions.
Methods to predict the effect of substitutions on protein
structure and/or function fall into four broad categories—those
based on physiochemical differences (5, 44), protein sequence
alignment (45), mapping to known protein three-dimensional
structures (46), and combinations thereof (6, 7, 47-50).
Here, we assessed the effect of validated nsSNPs in
candidate genes with single mRNA transcripts using three
commonly used predictive methods—the Grantham matrix,
PolyPhen, and SIFT algorithms—all of which can be
automated to process large data sets. The Grantham scale,
which scores substitutions based on assessment of chemical
dissimilarity between residues, represents one of the first
attempts to predict the severity of amino acid substitutions
on protein structure and has been used frequently to
ascertain the functional effect of SNPs (28, 48, 51, 52) or
modified to underpin new predictive algorithms (44). Across
the 3,666 validated nsSNPs, 6% were predicted to be radical
substitutions according to the Grantham matrix, slightly
higher than the 4% reported by Stephens et al. (52) in
analysis of 565 nsSNPs. Although there has been some debate

about the ability of the Grantham matrix to predict
deleterious substitutions (48, 51), we found a significant
concordance between predictions obtained using the Grantham scale and the more complex alignment-based PolyPhen
and SIFT algorithms.
To date, there is relatively limited data on direct evaluations
of programs, such as PolyPhen and SIFT, on protein function.
Xi et al. (34) found that that PolyPhen and SIFT correctly
predicted the effect of 96% of amino acid substitutions on
protein activity in APEX1. Most data on the validity of these
algorithms has, however, come from benchmarking studies
based on the analysis of ‘‘known’’ deleterious substitutions
annotated in databases, such as SwissProt. In such studies,
PolyPhen and SIFT has been shown to successfully predict the
effect of over 80% of amino acid substitutions (34, 35, 42, 53).
We obtained PolyPhen predictions for 1,523 of the 3,009
nsSNPs, with 425 (28%) predicted to have functional effects.
This finding is compatible with observations made by
Ramensky et al. (6), who reported 28% of validated nsSNPs
in the Human Genome Variation database (54, 55) predicted to
be damaging. Across genes with a single mRNA transcript, we
obtained SIFT predictions for 1,626 of the 3,009 nsSNPs (54%),
virtually identical to the figure obtained by Ng and Henikoff
(35) from an analysis of 5,780 nsSNPs from dbSNP Build 95. In
total, we identified 324 (20%) intolerant substitutions, comparable with predictions reported by Ng and Henikoff (35). We
rejected SIFT predictions based on divergence scores z3.25
and those with less than six sequences in the alignment (42),
which accounted for 30% of predictions. Significant concordance was observed between predictions generated by PolyPhen and SIFT, perhaps not surprising given that both are
based on similar concepts.

Table 4. Relationship between functionality of nsSNPs predicted by Grantham, PolyPhen, and SIFT and MAF based on
dbSNP Population 1371 (Perlegen European Americans)
Grantham prediction

MAF
V0.05
0.051-0.15
0.151-0.30
>0.30
Total

Conservative

Moderately
conservative

Moderately
radical

Radical

84
145
133
145
507

82
123
124
112
441

20
24
21
29
94

13
13
11
11
48
q

(7.7)
(13.3)
(12.2)
(13.3)
(46.5)

(7.5)
(11.3)
(11.4)
(10.3)
(40.5)

(1.8)
(2.2)
(1.9)
(2.8)
(8.6)

(1.2)
(1.2)
(1.0)
(1.0)
(4.4)
= 0.035; 95% CI:

Total

199 (18.3)
305 (28.0)
289 (26.5)
297 (27.3)
1,090
0.094, 0.025

PolyPhen prediction

MAF
V0.05
0.051-0.15
0.151-0.30
>0.30
Total

Benign

Borderline

Potentially
damaging

Possibly
damaging

Probably
damaging

59
99
87
114
359

15
20
27
22
84

19
34
23
32
108

28
43
31
24
126

22 (2.9)
25 (3.3)
12 (1.6)
20 (2.6)
79 (10.5)
q = 0.113; 95% CI:

(7.8)
(13.1)
(11.5)
(15.1)
(47.5)

(2.0)
(2.6)
(3.6)
(2.9)
(11.1)

(2.5)
(4.5)
(3.0)
(4.2)
(14.3)

(3.7)
(5.7)
(4.1)
(3.2)
(16.7)

Total

143 (18.9)
221 (29.2)
180 (23.8)
212 (28.0)
756
0.183, 0.042

SIFT prediction

MAF
V0.05
0.051-0.15
0.151-0.30
>0.30
Total

Tolerant

Borderline

Potentially intolerant

Intolerant

90
153
153
143
539

23
26
32
19
100

14
18
18
13
63

40 (4.7)
167 (19.7)
52 (6.1)
249 (29.4)
25 (3.0)
228 (27.0)
27 (3.2)
202 (23.9)
144 (17.0)
846
q = 0.172; 95% CI: 0.105, 0.236

(10.6)
(18.1)
(18.1)
(16.9)
(63.7)

(2.7)
(3.1)
(3.8)
(2.2)
(11.8)

(1.7)
(2.1)
(2.1)
(1.5)
(7.4)

NOTE: Percentages are shown in parentheses.
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Random surveys of SNPs have shown a nonuniform
distribution of alleles, with the numbers of SNPs increasing
with decreasing MAF (56). This has been hypothesized to
provide insight into the allelic architecture of disease susceptibility with functional SNPs skewed toward the lower end of
the frequency distribution (4). Alleles that are functionally
deleterious will tend to be selected against and thus
underrepresented at high frequencies. Such a tenet is supported by our analysis, which showed a relationship between
putative functionality and MAF, concordant with the observations made by Leabman et al. (51).
The sequence-based approach to association analyses makes
use of SNPs, which may directly affect protein structure and/or
function, be they missense or nonsense mutations that alter
protein sequence, splice-site variants, or those located within
putative promoter regions and transcription sites. This pool of
3,009 fully annotated nsSNPs is accessible from the PICS
database at http://www.icr.ac.uk/cancgen/molgen/MolPopGen_PICS_database.htm. Curation and release of updated
versions of the PICS database will continue as new data
becomes available.
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