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Predicting the Transactivation Activity of p53
Missense Mutants Using a Four-Body Potential
Score Derived From Delaunay Tessellations
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We describe a novel statistical scoring method based on a computational geometry approach to predict the
functional impact (transactivation activity) of missense mutations in the DNA-binding domain (DBD) of the
tumor suppressor TP53, which is the most frequently mutated gene in human cancer. Residual scores (RS) for
each residue were calculated to reflect differences in the compositional preferences of four nearest-neighbor
residues between mutant and wild-type proteins. The RS were then combined into a residual score profile
(RSP) representing the RS values for all 194 residues in the DBD. Mutants were grouped into functional
categories based on their transactivation activities experimentally measured in yeast functional assays using
p53-response elements from eight different promoters. While these functional categories showed significant
differences in average RS, the latter lacked resolution power to predict the transactivation activities of individual
mutants. In contrast, using decision tree models, we found that the RSP predicted transactivation with an
accuracy varying between 64.2% and 78.5% depending on the promoter. Lastly, we used the best model to
predict the functional outcome of all missense mutants in the DBD of p53 and compared the predictions with
their frequency of occurrence in human cancers. We found that mutants predicted as functional (F) accounted
for ~14% of all missense mutants found in cancers, while mutants predicted as nonfunctional (NF) represented
~86% of the mutants. These results show that this computational approach provides a fast and reliable method
for predicting the functional impact of p53 mutants associated with cancer. Hum Mutat 0, 1-10, 2006.
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INTRODUCTION

Although missense mutations are frequently observed in human
diseases [Cooper et al., 1998], their impact on protein function
and contribution to disease are often difficult to assess. Missense
mutations can affect functionally important residues, such as those
located in protein-DNA and protein—protein interactions or
phosphorylation sites. They may also lead to structural modifica-
tions that increase or decrease protein stability. Measuring the
stability and/or activity of missense mutants experimentally is
often difficult and labor intensive. An increasing number of
computational tools are being developed to analyze all possible
point mutations in a given protein and determine which amino
acids have key structural and functional features. These tools are
based on different approaches, including sequence homology
[Ferrer-Costa et al., 2002; Vitkup et al., 2003], structure homology
[Dambosky et al., 2001; Prokop et al., 2000; Schwede et al., 2003],
a combination of both [Kelley et al., 1999, 2000; Ramensky et al.,
2002], and evolutionary conservation [Greenblatt et al., 2003;
Ng and Henikoff, 2001, 2002; Walker et al., 1999]. Recently,
machine learning methods have been applied to predict the
stability and functional effects of single point mutations [Capriotti
et al., 2004; Karchin et al., 2005; Krishnan and Westhead, 2003].
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Computational geometry is also used to study the impact of
missense mutations. Simplicial neighborhood analysis of protein
packing (SNAPP) [Carter et al., 2001; Tropsha et al., 2003] uses
scores derived from the compositional likelihood of quadruplets in
a protein. Each quadruplet is composed of four nearest-neighbor
residues, as defined by the Delaunay tessellation of the tertiary
structure of protein. SNAPP scores have shown good correlations
with experimental free energy values of hydrophobic core mutants
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for five proteins with available experimental data [Carter et al.,
2001; Tropsha et al., 2003].

p53 is a transcription factor that is encoded by the tumor
suppressor TP53 (MIM# 191170), the most frequently mutated
gene in human cancers. Mutations reported in the scientific
literature are compiled in the IARC TP53 database (www-p53.
iarc.fr) [Olivier et al., 2002], together with experimental data on
various properties of mutant proteins. p53 exerts antiproliferative
activities mainly by regulating target genes via DNA binding on
specific sequences [Hofseth et al., 2004] located in either the
promoter or intronic regulatory sites. The p53-response element is
a degenerated and repeated sequence that matches the consensus
5'-PuPuPuC(A/T) (T/A)GPyPyPy-3’ [el-Deiry et al., 1992], where
both the number of repetitions and the sequence depend on the
target gene. Most mutations in human cancers are located in
the DNA-binding domain (DBD) [Olivier et al., 2004]. The structure
of this domain (as protein : protein or protein : DNA complexes)
has been determined by crystallography [Cho et al., 1994]. It
consists of a globular domain made of two anti-parallel beta-sheets
that provide a scaffold for flexible loops involved in contacting
DNA. This DNA-binding surface is formed by two contiguous
motifs: a loop-sheet-helix that binds in the major groove (LSH),
and a large loop that makes contacts in the minor groove of DNA
(L2). This latter structure is stabilized by a zinc atom bound
to three cysteines and one histidine. The DBD is a well structured
but flexible domain that can adopt different thermodynamic states
[Bullock and Fersht, 2001].

The wild-type protein is rapidly degraded and is present at low
concentrations in cells under normal conditions. After activation
under stress conditions, such as DNA damage, oncogene
activation, or hypoxia, it accumulates in the nucleus and regulates
genes involved in cell cycle checkpoints (G1 and G2 phases),
apoptosis, or DNA repair. In a systematic study using a yeast-based

functional assay, Kato et al. [2003] measured on eight p53-
response elements derived from p53-target genes (WAF1, MDM2,
BAX, hl433g, AIP1, GADD45, NOXA, and P53R2) the
transactivation capacity of all missense mutants resulting from
single nucleotide substitutions. They showed great variations in
the degree of loss of function between mutant proteins and
between the same mutants across different promoters.

In this study we calculated residual scores (RS), in a manner
similar to that used for SNAPP scores, for all possible missense
mutants resulting from a single nucleotide substitution in the DBD
of p53. We also extended this method to calculate mutant RS
profiles (RSP) based on RS for each amino acid position in the
DBD. First, RS were compared with mutant p53 structural
properties as classified by Martin et al. [2002]. Second, RS and
RSP were used to predict transactivation activity based on the
functional data of Kato et al. [2003].

MATERIALS AND METHODS
Potential Scores and Profiles

Delaunay tessellations were generated using the program Qhull
[Barber et al., 1996]. Each point in the tessellation represents the
position of the center of mass of a residue side chain in a given
protein (Fig. 1). In 3D space, the simplices that result from the
tessellation are tetrahedra, where the four vertices correspond to
four nearest-neighbor residues. Based on this representation, a
collection of all of the quadruplets (four nearest-neighbor residues)
that make up a given protein is defined. A training set of 1,417
proteins with available structures in the Protein Data Bank (PDB)
[Berman et al., 2000] were used to calculate the log likelihood
scores of all the different quadruplets found in this training set.
The inclusion criteria for selecting structures in the training set
were as follows: 1) structure determined by X-ray crystallography,

FIGURE 1. Representation of a Delaunay tessellation. Each point represents the center of mass of an amino acid side chain. The larger
black dot represents a mutation site, with the black edges joining the mutation site and its nearest residue neighbors. Modifying the
amino acid letter at that position will thus affect all the quadruplets in which that residue participates. The tessellation of a protein
gives the list of all four nearest-neighbor residues that constitute this protein.
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2) maximum resolution of 2.2 .'Zs, 3) maximum R-value of 0.23,
and 4) maximum of 30% sequence identity. The maximum
number of possible quadruplets using a 20-letter amino acid letter
code and irrespective of sequence order is 8,855. The training set
contained 8,843 quadruplets. Based on these quadruplet frequen-
cies, the log likelihood score of a given quadruplet was calculated
as follows [Vaisman et al., 1996]:

fi

ijkl 10g Piid
where i, j, k, and 1 are the four amino acids that compose the
quadruplet; f; is the frequency of the quadruplet in the training
set; and pyg is the frequency of random occurrence of the
quadruplet. The latter is defined as caajaa, where ¢ is a
permutation factor that accounts for the permutability of
replicated residues in a given quadruplet (i.e., AACF and ACAF
are considered to be the same), and a;, a;, a, and a are the
frequencies of amino acids i, j, k, and | in the training set.

The potential score for each residue in the DBD of p53 was
computed as the sum of the scores of all quadruplets in which that
residue participates, while the potential score for the entire protein
is the sum of the log likelihood scores of all quadruplets in that
protein. A potential score profile was then constructed as a vector
V of length n:

V = (PSaa;, PSaay, . .., PSaa,)

where n is the number of amino acids in the protein (194), and
PSaa; is the potential score of amino acid 1. All potential score
calculations were based on the X-ray structure of the DBD of p53
(PDB [Berman et al., 2000] ID 1tsr, chain B), which includes 194
amino acids (residues 96-289) [Cho et al., 1994].

RS and RSP

To simulate a single point mutation, the identity of an amino-
acid residue at the desired position is changed in the tessellated
structure of wild-type p53. This letter switch changes the amino
acid composition of the quadruplets that include the substituted
residue (Fig. 1). To evaluate the changes due to a single amino acid
substitution, the RS are calculated by subtracting the mutant
potential score from the wild-type potential score. Similarly, RSP
are obtained by subtracting the residue potential scores for each
amino acid in the mutant from their respective residue potential
scores in the wild-type protein. Importantly, only the structural
neighbors of the mutated residue will have nonzero values in the
RSP. RS and RSP were calculated for all possible single point
mutations in the DBD of p53 (1,147 mutants).

P53 Mutants and Functional Data Sets

The data set on the functional activity of 426 missense mutant
proteins in the JARC TP53 database (R9, July 2004, www-p53.
iarc.fr/index.html) was used to classify mutants as functional or
nonfunctional according to their capacity to transactivate. The
functional tests considered were all those cited in the literature,
and included assays performed in human or yeast cells. Mutants
were categorized as functional for a given gene if it appeared in the
database as ‘“retained function,” and as non-functional if it
appeared under “lost function.” In the case of conflicting data (i.e.,
one assay found that the mutant had lost function, while another
found that the function was retained), the mutant remained
unclassified and was not used in the analysis.

A transactivation data set, which was produced using a yeast
functional assay by Kato et al. [2003] on eight different p53-
binding sequences, was used to systematically classify all possible
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missense mutants according to their transactivation. The eight
p53-binding sequences were derived from the promoters of
WAF1, MDM2, BAX, hl14330, AIP1, GADD45, NOXA, and
P53R2 genes. For each mutant on each target sequence, the
transactivation was expressed as the percentage of activity relative
to the wild-type protein. These percent activity values were
grouped into two categories: mutants with an activity below 40%
were classified as NF (with significant loss of function), whereas
mutants with an activity above 80% were classified as F (close to
wild-type). Mutants with activity between 40% and 80% were
excluded from further analysis. These percent cutoffs were chosen
according to the distribution of the percent activity values.

To test the concordance between these categories and the
transcriptional activities obtained in other experimental assays,
these categories were compared with the data set of the JARC
TP53 database. Of the 190 mutants that were found in the
database and evaluated by Kato et al. [2003], 80.8% had the same
function in both data sets, indicating that the F and NF categories
are representative of mutant function independently of the
experimental assay.

Additionally, a separate analysis was performed on a subset of
683 “consistent” that had similar transactivation,
according to the yeast functional assay [Kato et al., 2003], across
all eight genes. For this subset, mutants with significant loss of
activity across all genes (<40% activity) were classified as NF,
and mutants with partial activity on all genes (>40% activity)
were classified as E

mutants

Biochemical and Structural Classifications

Mutants were allocated to different structural categories
according to Martin et al. [2002], who evaluated the structural
implications of p53 core domain mutants reported in the IARC
database. They provided a systematic classification of p53 mutants
based on the structural and functional properties of the mutated
residue (available at www.bioinf.org.uk). In this approach, the
Jones and Thornton [1997] method was used to determine the
possible protein—protein interaction sites, and mutations classified
as “in patch” correspond to those occurring at residues that may be
involved in protein—protein interactions. Mutations classified as
“clashes” are those that form bad contacts with nearest-neighbor
residues. A detailed description of the classifiers is provided in
Martin et al. [2002].

Other biochemical parameters were also calculated, including
Grantham conservation scores [Grantham, 1974] and solvent
accessibility of residues. Grantham conservation scoring is based
on the composition (atomic weight ratio of hetero elements in the
side chain), polarity, and volumes of the amino acids. These three
parameters are combined into a Grantham conservation score that
reflects the degree of changes that would be incurred by a specific
substitution. Next, Naccess [Hubbard and Thornton, 1992—-1996]
was used to calculate the solvent accessibility of residues in the
wild-type protein. All of the default parameters were applied, and
the solvent accessible area for each residue relative to the entire
protein was considered for our analysis.

Machine Learning Algorithms
for Predictions of Transactivation

Predictions of transactivation activities, based on the NF and F
classifications described above, were made with the freely available
machine learning software WEKA [Witten and Eibe, 2000]. The
transactivation data of each promoter were treated independently
such that one model was built for the functional predictions of one

Human Mutation DOI 10.1002/humu
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promoter. The K-nearest-neighbor (KNN) classifier with K =3
(IBK) and decision tree (J48) algorithms, with default parameters
and no normalization of the data, were used for RS and RSP,
respectively. To determine the overall prediction accuracy of a
model, a stratified 10-fold cross-validation was applied to both
prediction algorithms. The 10-fold cross-validation splits the data
sets into 10 nearly equal groups, and each group in turn is used as
the test set while the remaining groups (all but the test set) are
used for training. The stratification ensures that the proportion of
F and NF mutants in the 10 groups is kept similar to that found in
the entire data set. The predictions resulting from the model are
directly compared with the transactivation activity categories,
from the yeast-based assay, of a given promoter. From these
predictions, the average accuracy score resulting from all test sets,
which reflects the number of predictions that match the known
activity measurements, is calculated. In addition, true-positive
fractions (i.e., the number of correctly classified category NF
mutations divided by the total number of category NF mutations)
and false-positive fractions (the number of incorrectly classified
category NF mutations divided by the total number of category
NF mutations) were evaluated.

In the KNN classifier, the category of a test mutant is assigned
according to the majority category of the three closest mutants
determined by the Euclidean distance between them. For the
decision tree models, receiver operating characteristic (ROC)
curves (false-positive fraction vs. true-positive fraction) were
drawn. Each point in the curve represents the 10-fold cross-
validation results of one model using a user-specified, cost-
sensitive matrix. The ROC curves describe how the false- and
true-positive fractions fluctuate when a different cost-sensitive
matrix is used to derive the models. From these ROC curves the
most appropriate model can easily be found, which in our case
corresponds to the one that yields a high true-positive fraction
while maintaining a low false-positive fraction. In this sense, the
best model predicts a nearly equal percentage of F and NF category
mutants. The area under the curve (AUC) is then calculated for
each ROC using the trapezoid rule. AUC values close to one
indicate a good discrimination power between F and NF mutants.
Cost-sensitive matrices that define different weights to be applied
to each category were applied to the functional data prior to model
building to artificially change the proportions in the number of F
and NF mutants. For example, MDM2 contains 99 F and 819 NF
mutants. Because roughly 90% of the data are NE a good resulting
model may strive to predict only NE which would result in 90%
accuracy. Applying the cost-sensitive matrix will artificially
increase the instances of F mutants, ensuring that the model will
strive to predict both F and NF mutations.

RESULTS
Correlations Between Mutant Structural
Features and Average RS

The RS for all missense mutants resulting from a single base
substitution in the DBD of p53 (residues 96-289) ranged from
—13.14 to 8.79, with an average of —0.85. A negative RS indicates
that the log likelihoods of the mutant quadruplets are inferior to
the log likelihoods of the wild-type quadruplets, whereas a positive
RS implies that the mutant potential score is higher than that of
the wild-type. Previous studies have shown that strongly negative
scores are likely to reflect less stable (and possibly less active)
mutants, and are generally found in the protein core [Carter et al.,
2001; Masso and Vaisman, 2003; Tropsha et al, 2003].
Conversely, mutations with strongly positive RS may suggest that
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the new amino acid introduces structural features that increase
the stability and/or activity of the protein.

Our results show that 65 out of 66 mutants with RS below
—5 are in rigid secondary structures (beta and alpha strands, and
beta turn, as determined by ProMotif [Hutchinson and Thornton,
1996] in PDBSum [Laskowski, 2001]). The lowest RS were
observed for mutations at zinc-binding residues (Cys176, His179,
Cys238, and Cys242). Given the structural and functional
importance of cysteine motifs, quadruplets describing such motifs
(i.e., CCCC, CCCH) occur frequently in the training data set, and
RS for most mutants involving cysteine substitutions are expected
to be far from zero. Furthermore, 26 of 31 (84%) mutants with RS
>3 were also found at residues involved in rigid secondary
structure. Additionally, when we compared the RS with the
Grantham scores, which evaluate biochemical differences between
mutant and wild-type residues, the highest absolute value of RS
corresponded to higher Grantham scores, indicating that the high
absolute value of RS reflects a substantial chemical/physical
difference between the mutant and wild-type residues (Fig. 2).

Average RS values were then calculated for structural categories
of p53 mutants as defined by Martin et al. [2002]. The average RS
for mutations at residues that are non solvent-accessible, not in
patch (i.e., not involved in potential protein—protein interaction
sites), or non-DNA binding (i.e., making no direct contact with
DNA) tended to be lower than for mutations at residues that are
solvent-accessible, in patch, or DNA binding, respectively
(Table 1). This observation is in agreement with the fact that
residues in the hydrophobic core play stronger roles in protein
stability than most solvent-accessible residues. The average RS for
mutants classified as “clashes” (i.e., predicted to cause structural
clashes based on differences in chemical properties or geometry
of the mutant side chain [Martin et al., 2002]), was also well
below zero.

RS and Transactivation Activities

The transactivation activities of missense mutants were
measured in yeast assays by Kato et al. [2003] on eight different
promoters. Mutants in the DBD were classified according to their
activity relative to the wild-type protein and classified as NF or F
(see Materials and Methods). For each promoter, the average RS
were calculated for NF and F categories. The average RS showed
a significant difference between NF and F, with the most negative
values corresponding to NF mutants (all P-values <0.05; Table 2).
A set of “consistent” mutants was identified that contained
mutants with similar activity on all promoters. This set consisted of
392 NF and 291 F mutants. For this subset, the average RS of the
NF mutants was also lower than the average RS of the F mutants
(Table 2). Thus, the average RS show a clear distinction between
transcriptionally active and inactive p53 mutants.

Predicting Transactivation Activity From RS

A KNN algorithm (with K=3) based on the Euclidean
distances between RS was used to predict whether specific
missense mutants would fall into the NF or F category. The
predictions were made for each promoter, as well as for the
“consistent” category. The proportion of correctly predicted
mutants, assessed by a 10-fold cross-validation (see Materials
and Methods), ranged from 54.8% to 87.6% depending upon the
promoter, with true-negative fractions (TNF percentage of F
mutants correctly classified) ranging from 2.1% to 50.8%. In
an attempt to improve the prediction power, the RS were
combined with solvent accessibility (SA), Grantham scores (GS),
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Binned Residual Score vs Average Grantham Scores
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FIGURE 2. Histogram of RS binned by average Grantham score. The RS measure the difference in log likelihood of the quadruplets
between the mutant and wild-type structures. Extreme values of RS indicate a large difference in log likelihood and suggest that
the substitution substantially affects rearrangements around the mutated residue. Grantham scores measure the differences in
chemical properties between wild-type and mutant residues. As expected, there is a clear trend between extreme values of RS and
high Grantham scores.

TABLE 1. Comparison Between RS and Structural Classification of p53 Missense Mutants as Defined by Martin et al. [2002]

Number of Number of Number of mutations Average residual
Categories codons missense mutations in database? score (range)
All mutations 189 883 12966 —-1.1(-13.1to0 8.8)
Zinc binding 4 25 860 —7.02 (-10.3 to —3.85)
DNA binding 14 67 3223 —0.54 (-5.9 to 6.08)
Non-DNA binding 175 816 9743 —-112 (-13.1to 8.8)
Not in patch?® 96 476 10203 -1.39 (-13.1to0 8.8)
In patch® 93 407 2763 —0.71 (—-8.83 to 5.6)
Solvent accessible 71 300 2783 —0.52 (—6.74 to 6.08)
Non-solvent accessible 118 583 10183 —1.37 (-13.1to0 8.8)
Clashes® 9 20 467 —-3.59(-13.1t01.48)

“Residues not in possible protein:protein interaction sites [Jones and Thornton, 1997].
®Residues in possible protein:protein interaction sites [Jones and Thornton, 1997].
“Residues involved in bad structural contacts with nearby residues.

YIARC TP53 Database, R9, July 2004.

TABLE 2. Comparing the Average Residual Score in EachTransactivation Category

Promoters Average RS (range) NF mutants® Average RS (range) F mutants®
WAF1 -1.2(-13.1t0 8.8) -0.29 (-6.7 to 5.7)
MDM2 —1.04 (—13.1t0 8.8) —041 (-6.1t0 5.7)
BAX —1.17 (-13.1t0 8.8) —0.28 (-6.7 to 5.7)
h1433¢ -1.27 (-13.1t0 8.8) -0.39 (-6.7 to 5.7)
AIP1 -1.27 (-13.1t0 8.8) —0.46 (6.7 to 4.3)
GADD45 —-142 (-13.1to 8.8) —-042 (-6.7 to 5.2)
NOXA -1.49 (-13.1to 8.8) -0.38 (—8.2t0 5.8)
P53R2 —1.59 (-13.1to 8.8) —0.28 (-8.2t0 5.8)
“Consistent” —1.64 (—13.1to0 8.8) -0.023 (—2.4 t0 4.3)

2The P-value when testing the difference in average RS between NF and F mutants was below 0.05 for all promoters tested.
RS, residual score; NF, nonfunctional mutants; F, functional mutants; “Consistent”, set of mutants with similar transcriptional activity across all
eight promoters.

Human Mutation DOI 10.1002/humu
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or SA+GS. While changes in prediction accuracies were observed
(69.4-88.2%, 59.5-86.3%, and 67.1-86.7% for SA, GS, and
SA+GS, respectively), the TNF were still low, ranging from
3.3-32.5%, 3.9-45%, and 3.4-35.5% for SA, GS, and SA+GS,
respectively. The low TNF indicates that RS, alone or combined
with SA or GS, cannot predict activity with sufficient accuracy.

Predicting Transactivation Activity Using RSP

RSP were calculated for all missense mutants, where RSP are
represented by a vector that comprises RS for all 194 amino acids
in the DBD (see Materials and Methods). Because making
predictions with RSP requires a model capable of handling 194
dimensions, a machine learning method was sought and decision
trees were used. The predictions were made for each promoter and
for the “consistent” mutants and assessed against NF and F
categories using different models resulting from the decision trees.
A cost-sensitive matrix, which applies different weights to the
input data, was applied to the algorithm to artificially vary the
proportion of NF and F mutants (see Materials and Methods)
[Weiss and Provost, 2003; Witten and Eibe, 2000]. ROC curves
were drawn and the AUCs were calculated to test the robustness
of the predictions. The prediction accuracies ranged from 64.2%
(MDM2  promoter) to 78.5% (“consistent” mutants) with
corresponding AUCs of 0.673 and 0.795, respectively (Table 3).
Figure 3 shows the ROC curves for “consistent mutants”, and for
MDM2 and GADD45 promoters, that gave the lowest and highest
promoter-specific predictions, respectively. Adding SA, GS, or SA
+GS to RSP in the prediction models did not significantly change
the prediction accuracies and AUC, except for GADD45 and
the “consistent” mutants for which SA+GS slightly increased
the prediction accuracy and AUC (Table 3).

As a negative control, the scores in the RSP of each mutant
were shuffled to randomize their positions in the primary sequence,
and ROC curves were drawn using these “shuffled” RSP For all
promoters, the AUC for the “shuffled” RSP was similar to random
(dotted lines in Fig. 3), indicating that the position of the RS in
the profiles is important.

Comparison of Predicted Functional Categories
With Observed Mutation Frequency in Cancers

To evaluate the biological significance of the functional
categories predicted from our models, we calculated the mutation
frequency observed in human cancers for each predicted category.
The frequencies were extracted from the IARC TP53 database
of somatic mutations (R9, July 2004). The database contains
mutations reported in all types of human tumors. We applied the
best prediction model, derived from using the “consistent”
mutants as the training set, to each of the 1,147 possible missense
mutants in the DBD of p53 (residues 96-289). Each mutant was
predicted to be either F or NE This model gave 596 (52%) NF
mutants and 551 (48%) F mutants. When the sum of the
frequencies of all mutants in these categories was calculated, NF
mutants accounted for ~86% (12978/15076) of the missense
mutants in the DBD reported in the JARC TP53 database.

DISCUSSION

When applied to protein structures, Delaunay tessellations
provide an objective definition of nearest neighbors for each
residue [Poupon, 2004]. This method has been successfully used
to discriminate between disease-causing and non-disease-causing

SNPs [Stitziel et al., 2003, 2004]. It has been shown that four-

TABLE 3. Prediction Accuracy and AUC Results Using the Residual Score Profiles Alone, orin Combination with Solvent Accessibility,
Grantham Scores, or Both, for Predicting Transactivation Activity

Results by promoter® RSP RSP +SA RSP +GS RSP+GS +SA
WAF1

Prediction accuracy® 69.6 70.6 68 715

AUC 0.735 0.776 0.743 0.785
MDM2

Prediction accuracy 64.2 65.1 674 65.7

AUC 0.673 0.685 0.669 0.719
BAX

Prediction accuracy 70.7 69.9 70.2 69.2

AUC 0.738 0.637 0.739 0.76
h14336

Prediction accuracy 72.6 749 70.6 731

AUC 0.753 0.772 0.747 0.774
AlP1

Prediction accuracy 70.7 721 69.7 70.9

AUC 0.746 0.786 0.828 0.792
GADD45

Prediction accuracy 74 .2 76.7 74.0 77.8

AUC 0.783 0.829 0.781 0.832
NOXA

Prediction accuracy 725 734 70.0 729

AUC 0.78 0.811 0.783 0.817
P53R2

Prediction accuracy 73.0 734 719 74.6

AUC 0.795 0.813 0.791 0.799
“Consistent”

Prediction accuracy 78.5 78.9 75.4 80.5

AUC 0.811 0.847 0.807 0.865

2The results are based on a 10-fold cross-validation using decision trees. The predictions are strong for all promoters except MDM2, and are strongest

for the set of consistent mutants.

®The prediction accuracy reflects the average accuracy measured for each test set in the 10-fold cross-validation.

RSP, residual score profiles; SA, solvent accessibility; GS, Grantham score.

Human Mutation DOI 10.1002/humu
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FIGURE 3. ROC curves for the best transactivation (TA) predic-
tions across GADD45 (A), worst predictions across MDM2 (B),
and predictions across “consistent mutants” (C). In each graph,
the line with triangles reflects the results of the model using the
RSP, the dotted line represents random classifications, and the
line with squares reflects results obtained from random shuffling
of the RSP. A total AUC closer to 0.5 indicates a discrimination
power between both categories close to random, while a total
AUC closer to 1 indicates a strong discrimination power between
F and NF mutants.

body statistical potentials derived from the tessellations can
distinguish native from non-native protein conformations [Krish-
namoorthy and Tropsha, 2003]. Importantly, the amino acid
composition of all nearest-neighbor quadruplets in a training set
of representative protein structures is non-random [Singh et al.,
1996; Vaisman et al., 1996], reflecting the frequent occurrence of
structurally important motifs. In fact, the most common
quadruplets found in the training set are dominated by cysteines,
which often participate in metal or disulfide-linked structures, and
are frequent structural neighbors. Based on these log likelihoods,
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we calculated RS and RSP for all missense mutants in the DBD of
p53, the most frequently mutated gene product in human cancer.
To assess the reliability of these scores in predicting protein
function, we used a data set established from a systematic
experimental assessment of the transactivation activities of mutant
forms of p53.

Although the structures of several domains of wild-type p53
have been described, there are currently no data available on the
structure of the entire protein. Moreover, data on the structure of
mutant proteins are still extremely limited. In the present study,
we used the structure of the wild-type DBD of p53, bound to a
consensus sequence, to construct the Delaunay tessellation. This
structure was originally reported by Cho et al. [1994]. The original
structure data file (PDB: 1TSR) contains three p53 monomers
associated with one 10-mer DNA oligomer matching the p53-
binding consensus. We used data for monomer B (residues
96-289), the only one that makes contacts in both major and
minor grooves of target DNA, and is thus the best representation
available of the conformational constraints involved in p53
binding to its target sequence.

The lowest RS were observed for mutations in the zinc-binding
motif, the configuration of which is essential for the correct folding
and stability of the DBD of p53 [Bullock et al., 1997; Hainaut and
Mann, 2001]. Mutations at residues located in the hydrophobic
core of the protein also had RS far from zero, consistent with
previous results [Carter et al., 2001; Masso and Vaisman, 2003;
Tropsha et al., 2003]. Because residues in the hydrophobic core
play an important role in protein stability, mutating these residues
is more likely to have a profound effect on local protein geometry.
These observations are in agreement with previous findings that
the stability of mutants at residues in the zinc binding regions or
the beta-sandwich (hydrophobic core) was lower than that for
mutants at residues in other structural domains of the protein
[Bullock and Fersht, 2001; Bullock et al., 1997]. Thus, overall
there was a good concordance between RS and structural features
of the protein. Moreover, there was a trend for association between
low RS values and NF groups of mutants. Depending on the
promoter, the average RS varied between —1.64 and —-1.04 for
NF groups, and —0.46 to —0.023 for F groups (P <0.05).

Despite this general concordance among RS, structural effect,
and loss of transcriptional activity, RS appeared to have limited
accuracy for predicting the transactivation activity of individual
mutants using a KNN algorithm. The accuracy of the prediction
was not improved by using other parameters, such as solvent
accessibility and/or Grantham scores in combination with RS. RS
gives a global measure of changes in residue composition between
wild-type and mutant proteins, but does not capture the impact of
local changes that affect the mutant residue and its structural
neighbors. To take these local changes into account, we first
constructed, for each mutant, a vector \7, consisting of potential
scores for each residue (sum of quadruplet likelihood scores in
which a residue participates). Then we derived an RSP, calculated
as the difference of V(mutant) — V(wild—type)‘ In the RSE
only the mutant residue and its structural neighbors have
nonzero values.

To handle the complexity generated by the high-dimensionality
of RSP (194 dimensions, corresponding to the 194 residue
positions in the protein structure), decision tree algorithms were
applied to predict promoter-specific transactivation activities. This
approach has the advantage of allowing the generation of different
prediction models, depending on the promoter-specific input data
sets. Decision tree algorithms (DTA) were preferred to other
machine learning techniques, such as support vector machines
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(SVM), mainly because decision trees result in interpretable rules
for classifying mutants. We found that DTA yielded better
promoter-specific predictions than the SVM models (data not
shown). In a recent study Krishnan and Westhead [2003]
compared the performance of SVM and DTA in predicting the
functional effects of SNPs. They found that SVM models were
more readily applicable to other proteins, but that DTA models
worked better for protein-specific predictions.

Our predictions of transactivation activities using RSP correctly
assigned mutants to either NF or F categories for seven of eight
promoters, with accuracies ranging from 69.6% to 74.2%. An even
better prediction accuracy was obtained with the group of
“consistent” mutants (78.5%). This finding is in agreement with
the notion that the “consistent” group includes mutants with
either very limited (F on all promoters) or, in contrast, particularly
severe (NF on all promoters) structural defects. In contrast, low
prediction accuracy was found for the MDM2 promoter (64.2%).
Adding SA or GS to RSP did not change the prediction
accuracies, which suggests that these variables do not add
significant structural information in addition to what is captured
by RSP In addition, to verify that the increase in accuracy with
RSP was indeed dependent on the use of RSP and not on the use
of decision tree models, we derived decision tree models using RS.
We found that the prediction accuracies resulting from decision
tree models using RS were no higher than 56%. Thus the local
structural impact taken into account in the RSP appears to be
key for predicting transactivation.

Interestingly, there was a concordance between the accuracy
of prediction for a given promoter and the degree of similarity
between the p53 binding sequence in that promoter and the
canonical p53 binding consensus. For example, the p53 binding
sites in GADD45 and p53R2 promoters, which give the highest
prediction accuracies, differed from the canonical consensus by
only one base. In contrast, the p53 binding site of MDM2, which
gave the worst prediction accuracy, differed from the consensus by
three bases, including one of the invariant G in the central portion
of the consensus. These results are compatible with the notion
that wild-type p53 binds with different affinity to different
promoters, and that MDM2 may contain a promoter of lower
affinity for p53 than most other p53-targeted genes.

Using the frequencies of mutations extracted from the IARC
TP53 database as a separate data set, we found that 596 mutants
in the DBD were predicted as NF, accounting for the majority
(86%) of the missense mutants reported in the IARC TP53
database. The predictions were made on the 1,147 possible
mutants using the model obtained with the group of 683
“consistent” mutants (the one yielding the highest prediction
accuracy, 78%). Thus, using transactivation activities on 60% of
the mutants we demonstrated a concordance between structural/
functional properties and occurrence in cancer for all missense
mutants in the DBD. These results show the biological significance
of the predicted functional categories, since the mutants present
in the database are those associated with human cancer and thus
are more likely to be NE

We analyzed the decision tree models in an attempt to identify
residues with particular potential score difference values that
would best classify the mutation as F or NE Residues with scores
that best discriminate between the two functional categories (that
is, residues that fall at the root of the decision tree in the model),
varied from model to model (depending on the promoter). These
residues did not belong to a clear structural or functional category.
Furthermore, there was no obvious structural rationale to account
for misclassified mutants. In particular, these misclassified mutants
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did not show obvious patterns with respect to solvent accessibility,
type of amino-acid change (hydrophobic to hydrophobic, polar to
polar, hydrophobic to polar, and polar to hydrophobic), or presence
in patch/not in patch. These observations underline some of the
limitations of our approach. First, calculations of RS and RSP are
highly dependent on the input protein structure. In the present
study all calculations were performed using a single structure of the
core domain of p53 in complex with DNA. Using a complete p53
model structure, including the transactivation and oligomerization
domains, should yield better prediction results. Unfortunately,
such a model has not yet been established. On the other hand,
since p53 binds DNA as tetramer [Anderson and Appella, 2003],
tessellating structural models of p53 tetramers would undoubtedly
reveal interactions that cannot be accounted for in this simplified
DBD model. Second, using the same structure to calculate the RS
makes the assumption that the mutant and wild-type structures
are similar enough to yield the same overall Delaunay tessellation.
The use of p53-specific antibodies that detect different conforma-
tions of p53 has shown that p53 has a relatively unstable structure
[Legros et al., 1994]. Recent studies of mutant structures of the
DBD [Joerger et al.,, 2004, 2005] suggested that some mutants
cause substantial structural changes with respect to the wild-type
structure (unbound to DNA) while others do not. Using the
mutant structures to calculate RS and RSP may thus provide more
accurate functional predictions, especially for mutations that cause
larger structural changes. Third, it may be feasible to include
information about bound DNA when constructing the tessellation.
However, there may not be a large enough set of representative
DNA-bound protein structures (that can be tessellated) in the
PDB to constitute a training set. Despite these limitations,
the Delaunay tessellation approach yields encouraging results,
and the calculations of the RSP can be made rapidly. Furthermore,
unlike most other structure-based methods (i.e., molecular
dynamics and homology modeling), our approach has compara-
tively low input requirements and therefore allows the analysis of
all possible missense substitutions for a given protein with known
tertiary structure.

In conclusion, our results show that computational methods
based on scores derived from Delaunay tessellations can predict
with about 78% accuracy the transactivation activity, evaluated
using a yeast functional assay, of p53 mutant proteins. The method
is computationally inexpensive and can thus quickly generate the
RSP of all possible mutants in a given protein whose tertiary
structure is known. We expect our method to be applicable to
other proteins for which a sufficient amount of functional data
are available to initially train the machine learning models.
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