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Physicochemical constraint violation by missense
substitutions mediates impairment of protein
function and disease severity
Eric A. Stone1,2 and Arend Sidow2,3,4

1Department of Statistics, 2Department of Pathology, and 3Department of Genetics, Stanford University,
Stanford, California 94305-5324, USA

We find that the degree of impairment of protein function by missense variants is predictable by comparative
sequence analysis alone. The applicable range of impairment is not confined to binary predictions that distinguish
normal from deleterious variants, but extends continuously from mild to severe effects. The accuracy of predictions
is strongly dependent on sequence variation and is highest when diverse orthologs are available. High predictive
accuracy is achieved by quantification of the physicochemical characteristics in each position of the protein, based
on observed evolutionary variation. The strong relationship between physicochemical characteristics of a missense
variant and impairment of protein function extends to human disease. By using four diverse proteins for which
sufficient comparative sequence data are available, we show that grades of disease, or likelihood of developing
cancer, correlate strongly with physicochemical constraint violation by causative amino acid variants.

[Supplemental material is available online at www.genome.org. A Java executable of MAPP and documentation are
freely available for download at http://mendel.stanford.edu/supplementarydata/stone_MAPP_2005.]

Missense mutations that impair protein function may result in
disease. For diseases caused by such deleterious mutations, a
simple but plausible model presents itself: The type of disease is
dependent on when and where the protein’s function is required
in the organism. Given the type of disease, its severity is likely
determined by at least three parameters: (1) the degree to which
the function of the protein is impaired by the missense mutation;
(2) variants of other genes that modulate the effect of the major
locus, also referred to as genetic background; and (3) the envi-
ronment. We present here a predictive statistical framework for
the first of these parameters, impairment of protein function by
missense mutations.

Our study was motivated by several observations relevant to
protein structure, function, and evolution, and by previous stud-
ies that addressed the relationship between the nature of mis-
sense variants, impairment of protein function, and resulting
disease (Miller and Kumar 2001; Sunyaev et al. 2001; Mooney
and Klein 2002; Ng and Henikoff 2002; Ramensky et al. 2002;
Botstein and Risch 2003; Krishnan and Westhead 2003; Cai et al.
2004; Lau and Chasman 2004). In aggregate, these studies sug-
gest that mutations in evolutionarily conserved sites tend to im-
pair protein function and lead to disease. There is also weak evi-
dence that protein impairment and disease severity are some-
what correlated with the physicochemical difference between
the original amino acid and the missense variant. However, no
transparent, quantitative relationship between evolutionary con-
straint, functional impairment, and disease severity has been de-
scribed. We believe that there has been a methodological barrier
to uncovering such a relationship.

Our analysis rests on two complementary ideas: (1) that dif-
ferences in standard physicochemical properties between the

“wild-type” amino acid and the missense variant are the root
cause of functional impairment; and (2) that evolutionary varia-
tion among orthologs in the affected position is a sample of the
physicochemical properties that are tolerated at that position. By
using these two ideas as a premise, we devised MAPP (Multivari-
ate Analysis of Protein Polymorphism), which quantifies the
physicochemical variation in each column of a multiple se-
quence alignment and calculates the deviation of candidate
amino acid replacements from this variation. The greater the
deviation, the higher is the probability that a replacement im-
pairs the function of the protein, and the greater is its predicted
effect on the function of the protein. We show that the degree of
constraint violation by missense changes is highly predictive of
the functional impairment of the protein. Furthermore, we show
with four diverse proteins for which sufficient data are available
that constraint violations quantitatively translate to grades of
disease, or likelihood of developing cancer.

Results

MAPP methodology

MAPP consists of seven steps (Fig. 1A). We first build a multiple
alignment of orthologs or closely related paralogs; distant para-
logs are excluded to avoid including evolutionary variation that
specifies functional differences. The sequences’ evolutionary re-
lationships are inferred by standard likelihood analysis (Fried-
man et al. 2002), which also yields the branch lengths in substi-
tutions per site, for the tree (Fig. 1A, step 1). Based on the topol-
ogy and branch lengths of the tree, weights are calculated for
each sequence that control for phylogenetic correlation among
the sequences (Fig. 1A, step 2). Multiplication of the weights with
the fraction of sequences carrying a particular amino acid yields
the alignment summary (Fig. 1A, step 3), which we interpret by
using a matrix of physicochemical property scales (Fig. 1A, step
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4). The result is an estimate of the physicochemical constraints
on each position in terms of the mean and variance of the prop-
erty distributions observed in its alignment column (Fig. 1A, step
5). These statistics are biologically meaningful; the mean hy-
dropathy value at a position estimates its hydrophobic character,
while the variance measures the strength of that constraint. De-
viations from the alignment column are obtained for each pos-
sible variant by calculating its property difference from the mean
and dividing by the square root of the variance (Fig. 1A, step 6).
We interpret this statistic as a signed measure of constraint vio-
lation. To compute a single score measuring the violation of con-
straint across all properties, we first decorrelate the properties
themselves by using a principal component transformation (see
Methods). This is necessary because, for example, hydropathy and
polarity of the 20 amino acids are significantly correlated. The
decorrelation gives rise to a new coordinate system in which each

axis is a principal component; the distance from the origin to any
variant is the variant’s decorrelated impact score (Fig. 1A, step 7).

An impact score is thus assigned to every possible variant in
the protein, here illustrated for p53 (Fig. 1B). A high impact score
identifies a potentially deleterious variant by virtue of its physi-
cochemical dissimilarity to the observed evolutionary variation,
whereas low-scoring variants are less likely to compromise pro-
tein structure or function. The preponderance of high scores in
p53’s DNA binding domain (positions 100–300) is consistent
with a corresponding high frequency of mutations that inacti-
vate the protein in somatic tumors (Olivier et al. 2002). Should a
single value be desired for each position (as a “summary con-
straint” or to illustrate the general mutability of the position), the
median of its 20 scores is taken (Fig. 1B). Mapping the medians
onto the crystal structure of p53 (Fig. 1C) indicates that the core
of the protein is moderately constrained, with the individual
impact scores being generally lowest for hydrophobic variants.
Surface residues not involved in ligand binding vary with little
consequence to protein function, whereas the residues involved
in DNA or zinc binding are least tolerant to substitution. MAPP’s
conversion of evolutionary variation into impact scores that cap-
ture physicochemical constraint is therefore generally consistent
with known principles of protein structure and function.

To compare impact scores with experimental data, we iden-
tified four mutagenesis studies (on Escherichia coli LacI (Mark-
iewicz et al. 1994; Suckow et al. 1996), T4 Lysozyme (Rennell et
al. 1991), HIV Protease (Loeb et al. 1989), and HIV Reverse Tran-
scriptase (RT) (Wrobel et al. 1995) in which a large number of
single-substitution protein variants were assayed for their degree
of functional impairment. For each of these studies, we obtained
a multiple sequence alignment of homologs and calculated the
impact score for each variant that was assayed experimentally.
The variants and their associated impact scores were then subdi-
vided into three classes according to their experimentally deter-

Figure 1. (A) MAPP’s seven analysis steps. Evolutionary relationships of
the protein sequences in the multiple alignment are inferred by likelihood
analysis (1). Weights for each sequence are calculated to control for phy-
logenetic correlation (2). (The remaining steps consider each position in
the protein independently and are illustrated for one such position.) Each
column of the alignment is condensed into a summary in which each of
the 20 amino acids is represented by the sum of the weights of those
sequences carrying the amino acid at that position in the alignment (3).
The summary is interpreted using a universal matrix of physicochemical
property scales, only three of which are shown: hydropathy, polarity, and
volume (4). The result is an estimate of the physicochemical constraints
on each position in terms of the mean and variance of the property
distributions observed in its alignment column (5). Deviations from the
alignment column are obtained for each possible variant by calculating its
property difference from the mean and dividing by the square root of the
variance (6). To compute a single score measuring the violation of con-
straint across all properties, we first decorrelate the properties themselves
by using a principal component transformation. The decorrelation gives
rise to a new coordinate system in which each axis is a principal compo-
nent; the distance from the origin to any variant is the variant’s decor-
related impact score (7). (B) Each possible variant at each position in the
protein is color-coded by its MAPP score, shown here for human p53.
Each column corresponds to a position in human p53, in order of se-
quence. The spectrum of possible variants at each position reads from top
to bottom, arranged alphabetically by one-letter amino-acid abbreviation.
Scores for each variant are color-coded from low (red) to high (blue) as
a heat map, with temperature inverse to the predicted impact of that
change on the protein. The median score of possible variants at each
position is shown below with the same color code. This median was used
to color C. (C) Median MAPP scores plotted on the crystal structure of
human p53 (Cho et al. 1994; DeLano 2002). Chelated Zinc and bound
DNA are white.
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mined activity: positive, as wild-type function; intermediate, as
moderately deleterious; and negative, as strongly deleterious.
Accordingly, we obtained three distributions of impact scores
per mutagenesis whose medians increased substantially with the
degree of a variant’s functional impairment (Fig. 2A). For each
mutagenesis, we also calculated a distribution comprised of the
impact scores of all achievable variants and compared this “con-
trol distribution” with each of the three experimental subdivi-
sions (see Methods). Positive variants scored lower than the con-
trol, negative variants scored higher, and the intermediate distri-
bution resembled the control (Fig. 2A). MAPP thus captures the
known phenomenon that the average substitution in a protein is
mildly deleterious to structure or function (Li 1997).

For each mutagenesis, the score distribution of variants with
positive activity is easily distinguished from its deleterious
complement (intermediate plus negative activity). Low impact
scores are clearly overrepresented (vs. control) in the positive
class and underrepresented in the deleterious class, whereas for
high impact scores the reverse is true (Fig. 2B). The ability to
discriminate between intermediate and negative variants
within the deleterious class motivated a closer comparison of
MAPP scores to the HIV RT data set, the only one for which
activity levels of variants were reported as continuous values
(Wrobel et al. 1995). Grouping the RT variants into four classes
by activity level and calculating the differences to the control
distribution shows the excess of high activity variants for low

scores, and low activity variants for high
scores, with intermediates in between
(Fig. 2C). Median scores increase signifi-
cantly in successively impaired classes
(Wilcoxon test: >50% vs. >5% but
�50%, P < 10�4; >5% but �50% vs.
>1% but �5%, P < 10�6; >1% but
�5% vs. �1%, P = 0.0008). Most im-
portantly for the eventual goal of dis-
tinguishing deleterious variants on a
continuous scale, linear regression (ap-
propriately using all variants as indi-
vidual data points, without grouping
them) revealed significant negative cor-
relation between impact score and the
logarithm of enzymatic activity (r = �0.56;
P < 10�30).

For a test of MAPP’s predictive abil-
ity, we devised a simple probability-
based rule that provides an impact-score
threshold, above which variants are pre-
dicted to be deleterious and below
which they are predicted to be posi-
tive (see Methods). We used this rule to
assess MAPP’s ability to predict the ex-
perimentally measured impact of the
assayed variants in each the four muta-
genesis studies (Table 1). We com-
pared MAPP’s accuracy on these data
sets, ranging from 64.1%–80.4%,
against that of SIFT (Ng and Henikoff
2001), the most successful sequence-
based approach to classifying pro-
tein variants. SIFT’s accuracy using the
same alignment and mutagenesis data
varied from 55.0%–78.6%, under-
performing MAPP in every case (Ta-
ble 1). In further contrast to SIFT, MAPP
scores are widely spread across the
deleterious spectrum, a feature that
permits further testing of MAPP’s pre-
dictive capacity. Applying the same
model as before, we chose a more strin-
gent score threshold to discriminate in-
termediate and negative variants.
MAPP’s accuracy here varies from
62.6%–76.7% (Table 1), confirming its
ability to resolve strata of subfunctional
variants.

Figure 2. Comparison of MAPP scores of protein variants with mutagenesis studies. (A) Scores of
protein variants assayed in the four mutagenesis experiments. Variants were partitioned by function as
positive (red), intermediate (green), or negative (blue). The interquartile range (25%–75%) of MAPP
scores for each set is shown, with the median value denoted by the M. Interquartile ranges of control
distributions are in tan. (B) Deleterious variants (blue; intermediate plus negative from A) and positive
variants (red; from A) are contrasted. MAPP scores for each set were segregated in bins of width two
from zero to 40 (shown left to right); observed frequencies were calculated by dividing bin counts by
the total number of variants in that set. Vertical bars show the difference between observed frequencies
and control frequencies, with the latter obtained similarly from the appropriate control distribution. (C)
Contrast between experimental distribution versus control distribution as in B of HIV reverse transcrip-
tase variants. Variants were partitioned by enzymatic activity relative to wild-type (>50%, red; >5% but
�50%, green; >1% but �5%, light blue; �1%, dark blue). Colored squares show the median MAPP
score of each variant class above the bin to which it belongs, with C representing the median of the
control distribution.
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Paralogous vs. orthologous prediction accuracy

Comparative analyses such as MAPP assume that function is con-
served within the aligned set of homologs under study. To the
extent that this assumption is violated, constraints in positions
that specify functional differences between the homologs in the
alignment will be misestimated. Alignments that are enriched for
orthologs are ideal for preserving specificity, but paralogs are
sometimes included to capture a sufficiently diverse sample of
evolutionary variation. This tradeoff is evident for LacI, whose
original alignment contains a preponderance of paralogs that act
on different operators and have diverse inducers: Sensitivity ben-
efits from the deep alignment, but specificity suffers from incon-
sistent function (Ng and Henikoff 2002). To quantify the loss of
accuracy due to inconsistency, we repeated the LacI analysis on
an alignment of six orthologs. This smaller alignment outper-
formed the original alignment in prediction accuracy (70.7% vs.
69.2%) despite its substantially reduced sequence diversity.

The superior performance of the ortholog alignment sug-
gests an extensive misclassification of variants in residues impor-
tant to ligand binding. We explored this hypothesis by restricting
the analysis to a subset of positions involved in inducer binding
(Markiewicz et al. 1994; Lewis et al. 1996). MAPP’s analysis of the
deep, paralogous alignment was substantially less accurate for
this restricted set of positions than for the rest of the protein (Fig.
3A). For these positions, use of the alignment of orthologs led to
a significant improvement in accuracy (Exact test, P = 0.004),
demonstrating better resolution of both functional and deleteri-
ous variants. To control for differences between the alignments
unrelated to orthology, we analyzed 5000 alignments of six se-
quences, each composed of E. coli LacI and five sequences ran-
domly chosen from the large alignment. None surpassed the clas-
sification accuracy of the ortholog alignment (Fig. 3B).

Together, the analyses above show that physicochemical
constraint violations quantitatively govern the impairment of
protein function by missense variants. We now begin to consider
to what extent MAPP can illuminate missense changes in a popu-
lation where direct measurements of protein activity are not
available, and ask whether a quantitative relationship between
physicochemical constraint violations and organismal impair-
ment is equally detectable.

Polymorphisms in the HIV population

As a simple model, we first analyzed polymorphisms present in
the HIV population within HIV-positive patients. In an untreated
patient, every possible single point mutation in HIV occurs be-
tween 104 and 105 times per day (Coffin 1995). Variant proteins
emerge with regularity, but the immune system of the patient
imposes an extreme selective regime on the virus, whose proteins
are therefore under intense purifying selection. We expect no
subfunctional HIV protease variants to be present at a high fre-

quency in infected individuals who have not been treated for
their infection. MAPP soundly confirms this expectation (Fig.
4A), as no polymorphisms predicted to be deleterious appear at
>5% frequency.

The frequency distribution of HIV protease variants is dra-
matically different within patients who have been treated with
protease inhibitors (Fig. 4B). Seven subfunctional variants have
now risen to a frequency >5%. All of them are known to confer
resistance to protease inhibitors, and four of them are the most
effective positions in conferring resistance (Rhee et al. 2003).
Thus, MAPP provides evidence that these variants are indeed
deleterious to the normal function of the protease, but in pa-
tients undergoing treatment, the resulting impaired fitness of the
virus is outweighed by positive selection due to drug resistance.

Figure 3. Effect of paralogous sequences on prediction accuracy. (A)
Differential accuracy in MAPP classification of LacI variants implicated in
ligand binding when different types of homologs are represented in the
alignment. Three types of alignment are compared. Variants classified at
each position are arranged from top to bottom alphabetically by one-
letter abbreviation. Positions are shown left to right in increasing order
(24). Green and red identify correct and incorrect predictions, respec-
tively, of whether a variant is functional versus deleterious; the wild-type
amino acid is blue. (B) Classification of 5000 alignments, each containing
LacI and five sequences randomly chosen from the original alignment.
Accuracy is plotted against total evolutionary divergence as measured in
substitutions per site for random alignments (blue) and the single align-
ment of six orthologs (red).

Table 1. Accuracy in classifications of variants assayed in four
mutagenesis experiments

Positive vs. deleterious Intermediate vs. negative

MAPP SIFT Increase MAPP

HIV protease 80.4% 78.6% 1.8% 76.7%
LacI 69.2% 67.9% 1.3% 74.5%
HIV RT 64.1% 55.0% 9.1% 72.9%
T4 lysozyme 73.0% 68.3% 4.7% 62.6%
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Human disease
In the HIV analysis, the quantity we compare to MAPP scores,
“variant frequency,” is not a direct measure of protease function
but is a derivative measure that reflects both impact on the pro-
tease as well as the importance of the protease’s function for the
HIV organism. Now we will consider the severity of disease phe-
notype, which is also not a direct measure of protein function.
We first turned our attention to anemias, which can be caused by
the impairment of a variety of cellular processes in the blood. For
pyruvate kinase (PK) (Stenson et al. 2003), glucose-6-phosphate
dehydrogenase (G6PD) (Kwok et al. 2002), and � hemoglobin
(HBB) (Hardison et al. 2002), well-suited mutation databases exist
and sufficiently deep alignments could be generated. We first
tested whether the MAPP score distributions of disease-causing
variants differed significantly from the control distributions of all
possible missense variants. The expectation is that the typical
variant, as described by the control distribution, is deleterious,
but that strong loss-of-function mutations are more deleterious
than this average. This expectation is met at statistical signifi-
cance for all three proteins (Wilcoxon test: G6PD, P = 0.008; PK, P <
10�5; HBB, P < 10�14) (Fig. 5A). The effect is least pronounced for
the X-linked G6PD, for which the disease distribution is closer to
the control than for the other proteins. This is likely due to the
absence of the most severe mutations from the database because of
their embryonic lethality in males (Vulliamy et al. 1993). The large
differences in median MAPP scores between control and severe dis-
ease variants for PK (6.5) and HBB (15.3) mirror the results obtained
from the activity of mutagenesis variants (Fig. 2). We therefore
tested MAPP’s ability to distinguish classes of different phenotypic
severity by using HBB, the only protein of the three with suffi-
ciently detailed clinical records.

Mutations in HBB can lead to a number of disease pheno-
types, including the anemia considered above (Huisman et al.
1996). We defined four classes of HBB variants via their associ-
ated hematology: normal, erythrocytosis, anemia (all forms), and

formation of Heinz bodies. Functionally normal vari-
ants scored lowest (median = 8.74), well below the
control (10.72), reaffirming MAPP’s ability to isolate
tolerated variants (Fig. 5B). More notably, the score
distributions from disease classes were grossly distinct
and quantitatively consistent with clinical presenta-
tion (Fig. 5B; Huisman et al. 1996). Heinz bodies were
associated with the highest scoring variants (me-
dian = 28.31), anemia variants scored much lower
(18.82), and erythrocytosis variants lower still
(14.46). The disease records additionally allowed fur-
ther subdivision of the anemia variants by severity
(mild, moderate, or severe). Again, score distributions
were consistent with clinical presentation, with the
median score of mild anemia variants (13.39) less than
that of moderate variants (18.60) and with severe vari-
ants scoring highest (25.54) (Fig. 5C).

We next asked whether MAPP scores of p53 vari-
ants could accurately reflect the likelihood of tumor
formation. As noted by several previous studies, fre-
quency of a variant in the p53 somatic mutation da-
tabase (Olivier et al. 2002) is a proxy for the likelihood
that the variant will allow tumor formation, and does
not primarily reflect variation in mutation rate
(Walker et al. 1999; Simon et al. 2002). We stratified
variants according to their count in the somatic mu-
tation database as appearing one to four times (663

variants, 1293 mutations), five to nine times (206 variants, 1346
mutations), or greater than nine times (248 variants, 10,870 mu-
tations). Any variants conceivable by a single missense change
but not present in the database were assigned to a zero class (1201
variants). The median MAPP score of the zero class was 4.46,
which is significantly lower than that of any of the other three
classes and the control (Fig. 5D), confirming that it represents
variants that do not disrupt the function of the protein suffi-
ciently to cause cancer. The control distribution, once again, was
centered in the mildly deleterious range, and we could not dis-
tinguish it from the distribution of low-count variants either by
inspection (Fig. 5D) or by statistical test (Kolmogorov-Smirnov
test, P = 0.31). Most importantly, MAPP was able to distinguish at
statistical significance between the three classes of deleterious
variants, demonstrating a significant increase in median scores
(scores 1–4: 7.20; scores 5–9: 13.88; scores 10+: 20.97) for in-
creased prevalence in the database (Fig. 5D).

Because somatic variants may be considered a special case,
we also investigated the much rarer germline missense variants of
p53 that have been shown to cause Li-Fraumeni syndrome (80
variants). These exhibit a skewed distribution that is statistically
indistinguishable from the distribution of high-count somatic
p53 variants (five or greater; Kolmogorov-Smirnov: P = 0.25), with a
median MAPP score of 17.73, right between the median scores for
variants appearing five to nine and 10 or more times in the so-
matic database. It is significantly different from the two distribu-
tions of mild (one to four counts) and no-effect (zero count) vari-
ants in the somatic database. Thus, physicochemical constraint vio-
lations, resulting in impaired function of the tumor suppressor
protein, also capture likelihood of cancer development.

Discussion
Our results establish that physicochemical constraint violations,
as inferred from evolutionary variation in orthologous se-

Figure 4. HIV protease variant frequencies versus MAPP score. (A) Frequency of each
variant by position within the population of untreated individuals plotted against its
MAPP score. Rare variants (frequency <0.1%) are in blue, common variants (frequency
>5%) are in red, and those in between are in green. Variants known to confer resistance
to protease inhibitors are the bordered squares; the remaining variants are circles. (B) Plot
of variant frequency after treatment with protease inhibitor(s). Common variants with high
MAPP scores are labeled and ranked by effectiveness in conferring resistance. Color-coding
of variants is by their frequency in untreated patients, as in A, for comparison.
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quences, are highly predictive of the im-
pact of missense substitutions on pro-
tein function. This impairment of func-
tion is apparently a major determinant
of disease severity, at least for the dis-
eases and genes we analyzed in this
study. Confounding factors such as ge-
netic background and environment
were evidently not strong enough to ob-
scure the relationship between MAPP
scores and disease severity. Previous
studies that addressed missense substitu-
tions and disease lacked explanatory
power as to the underlying fundamental
principles governing disease (Miller and
Kumar 2001; Sunyaev et al. 2001;
Mooney and Klein 2002; Ng and Heni-
koff 2002; Ramensky et al. 2002;
Krishnan and Westhead 2003; Cai et al.
2004; Lau and Chasman 2004): The ef-
fect of physicochemical properties was
marginal at best (Miller and Kumar
2001; Botstein and Risch 2003), and al-
though comparative information seems
better at classifying disease variants (Ng
and Henikoff 2002; Botstein and Risch
2003), conservation in and of itself has
no explanatory power. However, we
have shown with MAPP that physico-
chemical constraint is the major deter-
minant of protein impairment, that evo-
lutionary variation allows quantitative
estimates of constraint, and that viola-
tions of such constraints mediate disease
severity via the impaired function of the
protein. This result motivates a general,
reductionist view of the relationship
among amino acid properties, protein
function, and Mendelian disease.

Previous studies also did not ad-
dress the impact of missense variants on
a continuous scale, focusing solely on a
binary classification of deleterious ver-
sus tolerated substitutions. By contrast,
MAPP can distinguish intermediate from
negative variants (Table 1) and in fact
allows a continuous classification, as il-
lustrated for the RT data, because its im-
pact scores are widely spread across the
subfunctional spectrum. Should a binary
classification be desired, however, then
it is still advantageous to use MAPP, as
shown by a comparison of its prediction
accuracy to that of the most successful
similar method, SIFT (Ng and Henikoff
2001). MAPP outperforms SIFT in distin-
guishing positive from deleterious vari-
ants (Table 1), even for the data set upon
which SIFT was trained (LacI).

MAPP’s predictive accuracy is
complemented by the interpretability of
its impact scores, which provide a trans-

Figure 5. MAPP score distributions of disease variants grouped by severity of disease. Frequency
differences between classes of variants and their respective control distributions are computed and
shown as in Figure 2. Median scores of the original distributions are shown above the score bin into
which they fall. (A) Frequency differences between distributions of anemia variants that cause hemo-
lytic anemia and control distributions, for G6PD (green), pyruvate kinase (light blue), and � hemo-
globin (dark blue). The shifts in medians from the control distribution (C) to the disease distribution (D)
are indicated above their bin. (B) Comparisons among score distributions of � hemoglobin variants.
Frequency differences and median scores are shown by phenotype (normal, red; erythocytosis, green;
anemia, light blue; Heinz bodies, dark blue). (C) Comparisons among score distributions of � hemo-
globin variants that cause anemia, graded by severity of the disease. Frequency differences and median
scores are shown by severity of anemia (mild, green; moderate, light blue; severe, dark blue). (D)
Scores of p53 variants isolated from somatic tumors. Frequency differences from control, and median
scores, are shown for variants stratified by incidence (score 0, red; scores 1–4, orange; scores 5–9,
green; 10+, blue). C indicates median score for control distribution; LF, median score for distribution
of Li Fraumeni variants.
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parent rationalization of predictions in terms of physicochemical
properties. Each variant’s impact score can be dissected into in-
dividual components that measure property-specific constraint
violations (Fig. 1A, step 6), effectively assigning a rationale to
every prediction. Although the score of any particular variant
should presently be interpreted with caution, MAPP’s accuracy is
likely to improve with better comparative sequence data and
larger genotype collections. Eventually, predictions for major loci
will be combined with those for modifiers. We speculate that
aggregate constraint violations in more than one protein, per-
haps in conjunction with noncoding changes, quantitatively me-
diate disease in a way that will be predictable in the not-too-
distant future.

Methods

Multivariate analysis of protein polymorphism
MAPP uses quantitative scales measuring six physicochemical
properties to evaluate missense variants: (1) hydropathy (Kyte
and Doolittle 1982); (2) polarity (Stryer 1995); (3) charge (Stryer
1995); (4) side-chain volume (Zamyatin 1972); (5) free energy in
�-helical conformation (Muñoz and Serrano 1994); and (6) free
energy in �-sheet conformation (Muñoz and Serrano 1994). We
denote these scales by sk for k = 1, . . . ,6, with k respecting the
order defined above. Define the function � from the integers
1, . . . ,20 to the alphabet of amino acids so that represents �1

alanine (A), �2 represents cysteine (C), etc., and, for example, s2

(�1) represents the polarity of alanine. Because MAPP indepen-
dently considers each position in an alignment, we describe the
method (Fig. 1) for one column A, with Ai denoting the amino
acid (or gap character) from sequence i.

Step 1: Alignment, treebuilding
We followed standard procedures for alignment and treebuild-
ing, using ClustalW (Thompson et al. 1994) and SEMPHY (Fried-
man et al. 2002).

Step 2: Sequence weights
We derived wi, the weight of sequence i in the alignment by
using a modification of a published Brownian motion model
(Altschul et al. 1989). Our method “averages” their procedure
over all possible root positions of the tree, resulting in weights
that capture relative phylogenetic informativeness (Stone 2004).

Step 3: Alignment summary
The alignment column is summarized by its weighted composi-
tion in a 20 � 1 vector c, with

cm = �
i=1

n

wi1�Ai=�m�

assigned to the weighted representation of amino acid �m in the
column. The gap weight

g = �
i=1

n

wi1�Ai=GAP�

is distributed among the amino acids present in proportion to
their weighted representation, yielding a new vector

c� =
c

1 − g
.

This definition is in agreement with the usual notion of align-
ment profile provided the sequences are ungapped and of equal
weight. To avoid division by zero, we work with the modified
profile

p = �1 − .01�c� + �.01�
1

20
1;

this allows for a uniform treatment (including fully conserved
residues) without introducing artifacts into the analysis.

Step 4: Weighted matrix of physicochemical properties
Because the physicochemical scales we consider measure proper-
ties in incompatible units, we first standardize each to have mean
zero and standard deviation one. The property mean and vari-
ance of sk are, respectively,

�k =
1

20 �
m=1

20

sk��m�

and

� k
2 =

1
19 �

m=1

20

�sk��m� − �k�2,

and property values are standardized by these quantities as

sk� ��m�=
sk��m� − �k

�k
.

We collect these standardized scales into a 20 � 6 matrix S; thus
Smk = s�

k (�m), so that column k of S lists the ordered values of
standardized scale k. The weighted matrix of physicochemical
properties is diag(p)S, where diag(p) is the 20 � 20 matrix with
entries pm on the diagonal and zeros elsewhere.

Step 5: Weighted physicochemical summary
The column mean based on property k is

�̂k = �
m=1

20

pmsk� ��m�,

and the column variance based on property k is

�̂k
2 = �

m=1

20

pm�sk� ��m� − �̂k�2.

Step 6: Deviations from alignment column
With respect to property k, the deviation of amino acid �m from
the column is quantified by

dm �k�=
sk� ��m� − �̂k

�̂k
.

The 6 � 1 vector of deviations for �m will be denoted by dm. We
interpret this statistic as a signed measure of constraint violation.

Step 7: Decorrelated impact scores
The property correlation matrix is

R =
1

19
STS;

R is a p � p matrix with Rkl equal to the correlation between scales
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k and l. We use R as a transforming positive definite matrix to
yield the impact score

Dm = �dm
T R−1dm .

Note that dT
mR�1dm is the principal component transformation

mentioned in Figure 1. Specifically, let S = UBVT be the singular
value decomposition; then we can write

R−1 = ��19B−1VT�T��19B−1VT�.

Therefore

dm
T R−1dm = ��19B−1VTdm�T��19B−1VTdm�.

Null distribution of impact scores
We considered that the collection of amino acids tolerated at any
position could be described by a probability distribution on the
range of values of the properties under consideration. To give
MAPP scores a probabilistic interpretation, we made the assump-
tion that this distribution is multivariate normal. Sequence i con-
tributes one observation to the multivariate normal distribution,
namely, the vector of property values associated with amino acid.
We supposed that these observations were independent and
weighted, with weights from above, so that formally

�s1� �Ai� · · · s6� �Ai��
T ∼ N��,

1
nwi

��.

The vector of means µ = [µ1…µ6]T represents true mean of the
tolerated amino acids with respect to each property, and we wish
to determine whether these values are significantly different
from the property vector zm = [ s�

1(�m)… s�
6(�m)]T of our polymor-

phic amino acid �m. The impact score

Dm = �dm
T R−1dm

is an estimate of the difference between µ and zm that can be used
for this purpose. We assumed that � could be written as QRQ for
some diagonal matrix Q and made the approximation that

n − 6
�n + 1�6

Dm
2 ∼ F6,n−6.

We used the 99th percentile of this F-distribution to define clas-
sification thresholds for MAPP.

Analysis of the mutagenesis data
Variants and their associated impact scores were subdivided into
three classes according to their experimentally determined activ-
ity: positive, as wild-type function; intermediate, as moderately
deleterious; and negative, as strong loss of function. In the analy-
sis of HIV Protease, we took the classes exactly as defined in the
mutagenesis (Loeb et al. 1989). For HIV RT (Wrobel et al. 1995)
and T4 Lysozyme (Rennell et al. 1991), four graded phenotypes
were reported, and in both cases we grouped the two middle
phenotypes to form our intermediate class. Detailed repression
and induction phenotypes were reported for LacI variants (Mark-
iewicz et al. 1994; Suckow et al. 1996). This complicated a tripar-
tite categorization, and for that analysis, we proceeded as above
after restricting consideration to repressor function when the in-
ducer appeared functional. All variants were used in the classifi-
cation of positive and deleterious variants.

For each mutagenesis, we also calculated a distribution com-
prised of the impact scores of all achievable variants for each case
and compared this “control distribution” with each of the three

experimental subdivisions. For the oligonucleotide-directed satu-
ration mutageneses (HIV Protease [Loeb et al. 1989] and HIV RT
[Wrobel et al. 1995]), the control was composed of all single
missense variants. When amber mutations were introduced in a
systematic mutagenesis (LacI [Markiewicz et al. 1994; Suckow et
al. 1996] and T4 Lysozyme [Rennell et al. 1991]), the collection of
variants studied formed their own control.

For the RT correlation analysis, 22 of the 366 variants were
reported to have an unspecified activity level of <1% wild-type;
we assumed an activity level of 1% for all variants below that
threshold, which appears from the data to yield a conservative
result.

Prediction accuracy, orthologs
SIFT’s classification threshold was optimized for performance on
a data set comprising 55 LacI-related sequences, including para-
logs (Ng and Henikoff 2001). We used that same alignment for
comparison of MAPP’s accuracy with that of SIFT. We assessed
the impact of alignment composition on prediction accuracy by
restricting consideration to positions 70–80, 90–100, 190–200,
245–250, 272–277. Certain substitutions at these positions lead
to variant repressor molecules that bind to the operator DNA
with wild-type affinity but are incapable of induction (Lewis et al.
1996); we reasoned that paralogous sequence would be mislead-
ing for this class of variants, while orthologs would remain in-
formative. Because the approximation we use for threshold deri-
vations is inappropriate for small alignments, we used a score
threshold of 10.49 (corresponding to n = 12) when analyzing six-
sequence alignments. Regardless, the alignment of orthologs out-
performed random alignments over a wide range of thresholds.

HIV protease variants
Data was obtained from HIVdb (Rhee et al. 2003). We considered
frequency by isolate among all HIV-1 subtypes for both pre- and
post-treatment analyses. The results for other configurations
were similar. Consensus amino acids were omitted. We calcu-
lated the effectiveness of a position by summing the quantitative
values provided for each of the seven protease inhibitors. When
multiple variants at a position conferred resistance, the most ef-
fective variant was used to establish rank.

Disease variants
Control distributions for disease-associated proteins were formed
from the impact scores of all achievable single missense variants.
For the initial HBB analysis (Fig. 4A), we restricted attention to
variants implicated in hemolytic anemia for comparison with the
conditions associated with PK and G6PD; results were similar
using all HBB anemia variants (Fig 4B).

Release R8 of the IARC TP53 Database (Olivier et al. 2002)
contains 13,509 single missense variants of p53 isolated from
somatic tumors; 1117 distinct variants occur at least once. Only
2318 p53 variants can result from a single missense mutation in
human p53, suggesting that the database is nearing saturation.
We therefore took those variants absent from the database to
reasonably approximate a class of functional proteins.
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