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Abstract

Dysfunctions caused by missense mutations in the tumour suppressor p53 have been extensively shown to be a leading driver
of many cancers. Unfortunately, it is time-consuming and labour-intensive to experimentally elucidate the effects of all possible
missense variants. Recent works presented a comprehensive dataset and machine learning model to predict the functional outcome
of mutations in p53. Despite the well-established dataset and precise predictions, this tool was trained on a complicated model
with limited predictions on p53 mutations. In this work, we first used computational biophysical tools to investigate the functional
consequences of missense mutations in p53, informing a bias of deleterious mutations with destabilizing effects. Combining these
insights with experimental assays, we present two interpretable machine learning models leveraging both experimental assays and in
silico biophysical measurements to accurately predict the functional consequences on p53 and validate their robustness on clinical data.
Our final model based on nine features obtained comparable predictive performance with the state-of-the-art p53 specific method and
outperformed other generalized, widely used predictors. Interpreting our models revealed that information on residue p53 activity, polar
atom distances and changes in p53 stability were instrumental in the decisions, consistent with a bias of the properties of deleterious
mutations. Our predictions have been computed for all possible missense mutations in p53, offering clinical diagnostic utility, which is
crucial for patient monitoring and the development of personalized cancer treatment.
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INTRODUCTION
Dysfunctions caused by genetic variants on tumour suppressor
p53 is one of the leading drivers of many cancers and has attracted
considerable attention within the cancer research realm over the
past five decades [1]. Of these genetic variants, over 50% are
reported in cancer patients with a defective p53 [2–4], and over
90% of these oncogenic mutations are missense mutations [5].
Further to that, germline mutations in p53 also cause Li–Fraumeni
syndrome (LFS), predisposing patients to cancer [6].

The canonical p53 protein is a homotetramer consisting of
393 residues of each protomer. Four main functional domains
in p53 have been well distinguished, namely, transactivation
domain (TAD) on the N-terminal, DNA-binding domain (DBD),
oligomerization domain (OD) and C-terminal domain (CTD) [7–
11] (Figure 1). The structure of both TAD and CTD are usually
in an intricate, disordered conformation, but they will fold in a
certain conformation when p53 interacts with different protein
binding partners [7, 10, 12], while the DBD and OD have specific
conformations for DNA binding and tetramerization.

At the cellular level, p53 is responsible for DNA damage–
induced activation in the regulation of cell division [13–15],

cellular apoptosis [16, 17] and the response of external and
internal stress [18, 19]. In the normal unstressed state, a low
protein level of p53 is maintained by MDM2, an E3 ubiquitin ligase
[20]. Under DNA damage stress, p53 plays a primary role in DNA
repair for the erroneous DNA replication by halting the cell cycle,
guarding the genome stability [21, 22]. Meanwhile, p53 mediates
the expression of genes that encode apoptotic proteins, such as
the BCL-2 protein family, by working as a transcription factor [17,
23, 24] to activate the cellular program death before the growth
of tumour. Deleterious missense mutations on p53, especially on
the DBD, could have a dramatic effect on how p53 folds [25], its
stability [26] and the interaction with macromolecules [27] and
result in severe functional changes as well as phenotypes [1, 28],
which is almost impossible to experimentally elucidate, due to
poor correlation with phenotypic data, being time consuming
and high cost.

While there are several available methods to evaluate the
impact of mutations on p53, these approaches have different
limitations. Several predictive models were dependent on exper-
imental assays of high cost, including immunohistochemistry
[29], expression data [30, 31] and functional assays [32]. On the
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Figure 1. Complete protein structure of tumour suppressor p53 generated by AlphaFold2. Structure is coloured based on the AlphaFold2 confidence score
pLDDT in four levels, namely Very high (blue), Confident (cyan), Low (yellow), and Very low (orange) (A), and different domains, namely Transactivation
domain (green), DNA-binding domain (magenta), Oligomerization domain (yellow), and C-terminal domain (orange) (B). The DNA-binding domain is
zoomed in to show more details (C).

other hand, the conventional generic variant effect predictors
[33–35] tended to be less accurate in assessing mutation effects
on a specific protein. A recent p53-specific study, TP53_PROF
[36], combined both experimental signatures and computational
scores to develop machine learning models. Despite the robust
performance, this method was more complex, utilizing 42 vari-
ables, and failed to provide a complete prediction of all possible
missense mutations.

Previously our machine learning-based pipeline has been
applied on predicting the mutation effects of pathogenicity [37–
39] and drug resistance [40–42] across different proteins. In the
current work, we adopted a similar supervised machine learning
approach to comprehensively map p53 mutation functional out-
comes for a better understanding of p53-mediated carcinogenesis.
Our final model which integrated experimental assays obtained
high performance, and relied on contributions from structure-
based computational biophysical measurements. Comparable
performance was also obtained using only in silico features,
making this method experimental assay-agnostic and more
accessible, by reducing the dependence on costly experiments.
Compared with the state-of-the-art methods, our final model
used only nine interpretable features to make accurate predic-
tions and has wider applications as the predictions of all possible
missense mutations of p53 have been precalculated. This work
therefore has significant clinical and research-based applications,

as it offers an understanding of the cancer mechanisms, which
can guide the development of novel treatments [43], while also
enabling knowledge-driven clinical diagnosis for somatic cancer
and LFS.

MATERIALS AND METHODS
The overall aim of this work was to accurately characterize onco-
genic missense mutations in p53, providing a comprehensive
landscape of all possible missense mutations via in silico muta-
genesis, whose workflow is depicted in Figure 2.

p53 missense mutation datasets with functional
labels
A recently published comprehensive dataset describing a total
of 1294 mutations [36] was employed for primary analysis on
p53 protein in this work. Briefly, these data were obtained from
the Universal Mutation Database (UMD) TP53 database (2019_R1
release) [2, 44], a locus-specific database for the tumour suppres-
sor p53 and three cancer databases: The Cancer Genome Atlas
Program (TCGA) [45], MSK-IMPACT Clinical Sequencing Cohort
[46] and the International Cancer Genome Consortium (ICGC)
data portal [47]. Cancer-related variants at the intersection of
all four databases were extracted to construct a non-functional
class (n = 283), while mutations that failed that criterion were
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Figure 2. The workflow to characterize oncogenic missense variants of tumour suppressor p53. Two mutation datasets, the functionality dataset and
the clinical validation set, were generated by collecting mutations with labels from multiple resources. In the functionality dataset, non-functional
missense mutations were the intersection among cancer cases from the Universal Mutation Database TP53 (UMD_TP53) and three other cancerous
databases, while the functional mutations were the unique/absent mutations in the UMD_TP53. The whole dataset was curated by another work
TP53_PROF. Clinical validation set was established by using the American College of Medical Genetics and Genomics and the Association for Molecular
Pathology (ACMG/AMP) guidelines and literature search to confirm clinical diagnosis of mutations in ClinVar to collect pathogenic, benign and variant
with unknown significance (VUS). After this, mutations were characterized using various features including biochemical properties, protein stability
and interactions, local environment and functionality assessments. Finally, the qualitative comparisons and machine learning analysis were used to
identify potential risk factors leading to cancer, followed by feature interpretation and in silico saturation mutagenesis.

retained as the functional class (n = 1011). According to the source
of dataset [36], non-functional mutations have strong evidence in
human cell experiments that they tend to disrupt p53 function on
transcriptional and cell cycle arrest activity, while the functional
mutations had mild impacts on the protein. This functionality
dataset was used for characterizing pathogenic molecular drivers
and initial model development.

Independent clinical assessment on p53
missense variants
To validate the clinical utility of our model predictions, an inde-
pendent p53 missense mutation dataset was curated from the
ClinVar database [48]. After removing the redundant entries, all
the missense mutations were included in the dataset if their phe-
notypes were validated based on either the American College of
Medical Genetics and Genomics and the Association for Molecular
Pathology (ACMG/AMP) guidelines [49], or the Clinical Genome
Resource TP53 Variant Curation Expert Panel (ClinGen TP53 VCEP)
[50], which is a specific interpretation of germline variants on p53.
In contrast to the functional impact defined in the functionality
dataset, this independent clinical test set was based on more
robust criteria of clinical pathogenicity.

After removing the variants with unknown significance (VUS)
and the overlapped mutations with the functionality dataset,
our final clinical test set (Supplementary File available online
at http://bib.oxfordjournals.org/) contained 67 mutations labelled
‘benign/likely benign’ (n = 52) and ‘pathogenic/likely pathogenic’
(n = 15). Further to that, all the variants labelled as ‘pathogenic/-
likely pathogenic’ were manually verified through the literature,
to ensure that the final mutations tested were observed in clinical
patients manifesting disease.

Structural information of p53 homotetramer
Due to the flexibility of the native structure, no experimental full-
length homotetramer was available (as of March 2023) from the
RCSB Protein Data Bank (PDB) database. Because of this, we gener-
ated the full protein structure using AlphaFold2 v2.1 (AF2) [51]. As
the robustness of using AF2 models for computational biophysical
measurements has been demonstrated in our previous work [52],
we expected that our results can achieve similar findings as using
experimental structures.

Tetrameric p53 models (UniProt ID: P04637; canonical form)
were built using AlphaFold2-multimer [53] with the genetic
databases and template parameters as of March 2022. The model
with the highest confidence score, measured by predicted Local
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Distance Difference Test (pLDDT) [54], was selected. As expected,
only the DBD and OD regions showed high structural confidence
(pLDDT > 80), and, when compared to their respective crystal
structures, the DBD had an all-atom root mean squared deviation
(RMSD) of 1.12 Å (PDB ID: 6FJ5 [9]), while the OD had an RMSD of
0.31 Å (PDB ID: 1C26 [55]) (Figure 1).

Atom coordinates of the double-stranded DNA (dsDNA) and
Zn2+ atom were transferred from the experimental crystal struc-
ture (PDB ID: 6FJ5) describing the interaction between p53 DBD
and dsDNA to the AF2 model to calculate the effects of mutations
on nucleic acid and metal binding, respectively. In doing so, two
out of four p53 monomers were observed to have clashes with the
transferred dsDNA. As the overall monomer is mostly symmetric
[56], changes in nucleic acid affinity were calculated on one chain
(B) and assumed representative for all chains. Final tetrameric p53
models are available in the Supplementary Files available online
at http://bib.oxfordjournals.org/.

Biochemical and functional annotations of
missense variants
In this work, the effects of missense variants were described from
four aspects: biochemical properties, local residue environment,
protein stability and interaction and functionality assessment.
All the categorical features were transformed using one-hot-
encoding.

Biochemical properties and changes in conservation
Residue substitutions may impact conserved sequence motifs
causing important functional disruptions. To measure these
changes, the biochemical properties generated from multiple
sequence alignments were extracted from the AAindex 2 and
3 databases [57]. Position-specific substitution matrices (PSSM)
were calculated by PSI-BLAST [58, 59], searching against the
non-redundant (nr) database [60], with three iterations, to study
position-specific effects.

The missense tolerance ratio (MTR) was obtained from MTR-
viewer [61] and MTR-3D resources [62]. The MTR score high-
lights regions within a gene under purifying selection, acting as
a measure of deleteriousness based on variation observed within
a species. The application of this score to 3D protein structures
is given by MTR-3D. The MTR scores were obtained based on
different sliding windows (21, 31 and 41 codons), while MTR-3D
scores were generated for the DBD (using PDB ID: 6FJ5) and OD
(using PDB ID: 1C26).

Local structural environment
Computational structural information was calculated to account
for the local environmental context of each mutation. Local struc-
tural environment was established from three perspectives.

Basic structural environment

Solvent exposure represented by relative solvent accessibility
(RSA) and residue depth were calculated via Biopython [63]. Sec-
ondary structure type, phi and psi angles were computed via the
DSSP program [64, 65]. In addition, the pLDDT scores from the
output of the AF2 structures were also used as a representation
of protein disorder.

Residue contacts

The local environment of various residue interactions of both
wild-type (WT) and mutants (generated by MODELLER [66–68])
was calculated via Arpeggio [69].

Graph-based signatures

The atomic distance patterns called graph-based signatures were
calculated using mCSM-suite [70]. In the graph-based signatures,
atoms with different pharmacophores are considered as nodes
and their contacts are considered as edges. By setting different
distance cutoffs and distance steps systematically, multiple pat-
terns of atom pairs were captured. In this work, the changes of
pharmacophores of eight different types of atoms were calculated
for different mutations. The signatures of hydrophobic and polar
atom pairs were calculated to model the mutation environment.

Protein thermodynamic stability and interaction
The change of protein stability upon mutation were calculated by
structure-based programs mCSM-Stability [70], DUET [71], SDM
[72], ENCoM [73], DynaMut [74], DynaMut2 [75] and the sequence-
based program SAAFEC-SEQ [76]. Results from SAAFEC-SEQ were
generated using the nr database as suggested. The change of
protein–protein interaction (PPI) affinity on different monomer
combinations was calculated by mCSM-PPI [70] and mCSM-PPI2
[77]. The change of protein–dsDNA interaction was calculated
by mCSM-DNA [70] and mCSM-NA [78]. The results from all
the computational tools above measured a change in Gibbs free
energy (��G) with zero as cutoff (��G < 0: destabilizing; ��G > 0
stabilizing). The change of energy fluctuation was computed
using the normal mode analysis of ENCoM through DynaMut.
The distance from the mutation site to the Zn2+ atom was also
computed to represent metal-binding regions.

Structure-based features were only computed for the muta-
tions in the DBD and OD using the full p53 structure as input,
while features of mutations outside were marked as non-affected
values because of the disordered conformation. We tried to see
whether the features generated from the complete structure
could consider the global relationship between DBD and OD.

Functionality measurements
In this work, we integrated experimental data generated by a
previous deep mutational scanning (DMS) assay on p53 because of
its high coverage through saturation mutagenesis [32]. Functional
annotation was performed on the A549 human lung carcinoma
cell lines through p53-Mutagenesis by Integrated TilEs (MITE)
screening [79] with two p53-activating agents, nutlin-3 and etopo-
side. The enrichment or depletion of each amino acid substitu-
tion was measured by high-throughput sequencing to produce
a Z-score, which quantified their fitness towards p53 protein.
The functionality measurements from these experimental assays
sought to find dominant negative, loss-of-function and WT-like
variants. We used the raw value of fitness scores available in this
experimental assay [32].

Four widely used computational functional predictors, namely,
SIFT [35], PolyPhen2 [34], PROVEAN [33] and SNAP2 [80], were also
introduced. The functional scores obtained from these tools are
based on the alignment of multiple genetic databases to identify
deleterious mutations, which could be a reference for our models
in the absence of experimental functional measurements.

Qualitative analysis
To identify potential oncogenic molecular drivers, a two-tailed
Wilcoxon signed-rank test was implemented to statistically com-
pare the difference between functional and non-functional muta-
tions of numerous computational biophysical measurements and
the basic structural environment. Features could be considered
as a potential oncogenic risk factor if the difference reached the
significant level (P-value < 0.05).
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Supervised machine learning
Model development
The p53 functionality dataset was divided into a training set (80%)
and a blind test set (20%), and the training set was further divided
into 75% (60% of original dataset) sub-training and 25% (20%
of original dataset) validation for greedy feature selection. All
mutations with the same WT residue positions were grouped and
were only split into one of the subsets (training, validation or blind
test), to reduce the redundancy and enhance the generalization
of the machine learning model. Meanwhile, we also maintained a
similar distribution of positive and negative labels in all three sub-
sets. Predictive performance was measured by recall, precision,
balanced accuracy (BACC), F1-score, Matthew’s correlation coef-
ficient (MCC) and area under the receiver operating characteristic
(ROC) curve (AUC).

The machine learning–based analysis has been well illustrated
in previous works [38]. A number of machine learning algorithms
(DecisionTrees, RandomForest, ExtraTrees, AdaptiveBoosting, Gra-
dientBoosting, ExtremeGradientBoosting, NaiveBayesClassifier,
SupportVectorMachine, LogisticRegression, K-NearestNeighbour
and Multi-layerPerceptron) were tested and the model with best
predictive performance using the scikit-learn package (v1.0.2),
measured through MCC was further optimized via greedy feature
selection, which has been explained in our previous works [75,
81].

Feature interpretation
To explore how the in silico features perform when the experi-
mental data were absent, we conducted two predictive models
with different feature sets. The first feature set called ExpAssay
contained all 289 features including the fitness scores from exper-
imental assays, while the other one called noExpAssay solely
excluded the experimental measurements. Other data prepro-
cessing remained the same on both these two feature sets so that
we could adequately compare the contributions of the compu-
tational structural features. Feature importance was interpreted
using the SHapley Additive exPlanations (SHAP) value [82].

Comparison of predictive performance
Four types of computational approaches, namely, p53-specific,
DMS-based, conservation-based and deep learning-based meth-
ods, were chosen for performance benchmark. TP53_PROF [36]
was the latest p53-specific method using both functional and
computational scores to predict missense mutations in p53 pro-
tein. DeMaSk [83], Envision [84] and VARITY [85] are three DMS-
based methods, giving a quantitative value to measure the effect
of missense mutations on proteins. We first used the training set
to find an optimized cutoff based on MCC and applied the same
cutoff on the blind test for performance benchmark. The final
cutoffs of DeMaSk, Envision and VARITY we used were −0.28, 0.67
and 0.93, respectively. The conservation-based methods, including
SIFT, PolyPhen2, PROVEAN and SNAP2, were also introduced for
comparisons by using their suggested cutoff of 0.05, 0.45, −2.50
and 0.00, respectively. AlphaMissense [86], ESM-1b [87] and CPT-
1 [88], the methods built from the sophisticated deep learning
architecture and protein language models, were nominated to
compare the predictive performance on effect of p53 mutations.
All these methods also provided the quantitative measurement
of the effect of mutations, and AlphaMissense has the suggested
cutoffs (‘likely benign’ if score is less than 0.34, ‘likely pathogenic’
if score is higher than 0.56 and ‘ambiguous’ if score is between
0.34 and 0.56). We applied the same methods of the DMS-based

methods to determine a cutoff for these methods to remove
ambiguity (AlphaMissense: 0.87, ESM-1b: −9.97, CPT-1: 0.55).

RESULTS
Mutation phenotype distribution
The p53 functional mutations were uniformly distributed across
the whole sequence (Figure 3), while non-functional mutations
clustered mostly in the DBD (n = 278) and the OD (n = 5). This
highlights the functional importance of these domains. Further to
that, 47.06% missense mutations are related to the substitution
among the hydrophobic (A, F, I, L, M, V, W and Y), polar (N, Q,
S and T) and special (C, G and P) residues (Figure S1 available
online at http://bib.oxfordjournals.org/). The ‘from special’ and ‘to
special’ mutations are observed to have a bias on non-functional
phenotypes, consistent with their unique properties in protein
structures. In our splitting of the train and blind test, we grouped
the mutations based on the WT residue position to reduce redun-
dancy. Distribution of the mutations in the OD was 3:2 in the
training and blind test sets, respectively.

Exploring oncogenic molecular drivers of p53
Potential molecular drivers leading to the development of cancer
were proposed using qualitative comparisons across numerous
biophysical terms, namely, protein stability, PPI affinity, protein–
dsDNA binding affinity and protein–metal distance, as well as the
basic structural environment, namely, RSA, residue depth, torsion
angles of peptide bonds and the protein disorderedness.

Biophysical properties
The investigation of mutation effects by these computational
biophysical measurements indicates that destabilizing effects
on both monomeric and tetrameric states of mutated p53 are
strongly associated with its dysfunctions. Considering stability
of the protomer, six of our predictors consistently highlighted
that DBD non-functional mutations caused a more significant
destabilizing effect, with ��G values as disruptive as −3.5
Kcal/mol (P-value = 1.02 × 10−21, Figure 4B and Figure S2 available
online at http://bib.oxfordjournals.org/). The effect of non-
functional mutations on protein dynamics was similar to the
effect of the functional ones (Figure S1A available online at
http://bib.oxfordjournals.org/). As for the global stability formed
by PPI between monomers, we noticed that the non-functional
mutations tend to be mildly destabilized on interaction within
the dimer and across the dimer–dimer interface, suggested by the
statistical comparisons on systematic monomer combinations
(P-value = 2.34 × 10−13–2.74 × 10−3, Figure 4D–F and Figure S3
available online at http://bib.oxfordjournals.org/). However, the
destabilizing effect caused by non-functional mutations is not
shown in the protein–dsDNA complex, despite the closer positions
of deleterious mutations (P-value = 0.955, Figure 4C and Figure
S4 available online at http://bib.oxfordjournals.org/). The non-
functional mutations also tend to be located closer to the Zn2+

atom (P-value = 3.93 × 10−19, Figure S5 available online at http://
bib.oxfordjournals.org/), which is also relevant to the stability of
p53 [89], consistent with our results on protein stability.

Structural environment
The descriptions of the structural environment of non-functional
mutations agreed with the bias of destabilizing effect found in
the biophysical measurements. Deleterious mutations tend to
be located in the buried, rigid region of p53, suggested by their
solvent accessibility (Figure 4A and Figure S6A and B available
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Figure 3. Distribution of the phenotypes caused by missense mutations on protein structure (A, B) and sequence (C) of p53 protein. The red and blue
labels represented the non-functional and functional outcomes, respectively. Four main domains of p53, namely, transactivation domain (TAD), DNA-
binding domain (DBD), oligomerization domain (OD) and C-terminal domain (CTD), were coloured in green, magenta, yellow and orange, respectively.

online at http://bib.oxfordjournals.org/), which may have a
stronger impact on the protein stability. There is a small difference
in protein disorder as measured by pLDDT score and the location
of mutations of protein backbone (Figure S6C–E available online
at http://bib.oxfordjournals.org/).

Predictive performance of p53 missense
mutations towards functionality and cancer
Given the initial distinctions observed across different features,
we next adopted a machine learning–based analysis to study the
relationship of mutated p53 and functionality and oncogenicity.
Two models, ExpAssay and noExpAssay, were developed based on
the ExtremeGradientBoosting and GradientBoosting algorithms,
respectively. The ExpAssay model achieved an MCC of 0.88 on
the blind test (Table 1 and Table S1 available online at http://
bib.oxfordjournals.org/), showing high capability of distinguishing
classes. Meanwhile, the ExpAssay model shows minimal bias
on two phenotypes (F1-score = 0.98, recall = 0.99, precision = 0.96).
This is likely due to the high signal-to-noise ratio for functional
characterization contributed by the experimental data. However,
using solely in silico features, we also achieved a comparable per-
formance on the bind test (MCC = 0.81, F1-score = 0.96) (Table 1),
implying the high reliability of the computational features. In
terms of the performance on the clinical validation, both models
display little performance deterioration when compared with
the ones in the blind test (ExpAssay MCC = 0.83, noExpAssay
MCC = 0.78, Table 2), indicating not only high generalizability of

the machine learning models but also potential utility in the
clinical environment.

These performance assessments were first benchmarked with
the predictions using only experimental data and the imbalance
distributions of phenotypes. However, using the experimental
data only shows robust performance on the blind test but not
on clinical validation, with MCC down to 0.69 (Table S2 available
online at http://bib.oxfordjournals.org/), while we got the worse
performance (MCC down to 0.44) if we only marked all mutations
in DBD as non-functional/pathogenic. (Table S2 available online
at http://bib.oxfordjournals.org/). Both these results show the
necessity of the other features in both ExpAssay and noExpAssay
models.

There are six important hotspot mutation sites (R175, G245,
R248, R249, R273 and R282 [43, 90]) in DBD occupying the majority
(74%) of cancer cases. Both our ExpAssay and noExpAssay models
show correct predictions on all mutations of these residues, sug-
gesting the robustness of our models on hotspot sites. However,
the models still got some of the mutations in DBD misclassi-
fied (Table S3 available online at http://bib.oxfordjournals.org/)
because of the noise in the dataset. Our ExpAssay models failed
to predict some of the mutations related to the residue with a
structure-breaking side chain (G and P). Wrong classifications also
occur more frequently when the mutations have similar residue
types, such as D and E, S and T and V/L and F. A small case
study (Figure S7 available online at http://bib.oxfordjournals.org/)
was performed in the Supporting Information available online
at http://bib.oxfordjournals.org/. As for the mutations in the OD,
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Figure 4. Exploring the potential molecular drivers leading to cancer. Qualitative analysis (Wilcoxon signed-rank test) on the relative solvent accessibility
(RSA) at mutation site (A), mutation effect on protein stability computed by DynaMut2 (B), mutation effect on protein-double-stranded DNA binding
affinity computed by mCSM-NA (C) and mutation effect on the protein–protein interaction computed by mCSM-PPI2 (D–F) were applied to compare
the functional and non-functional mutations in DBD at 5% significance level. Features were computed on the monomer B of tetrameric p53. The p53
homotetramer is formed as a dimer of dimer. Monomer A and B are at the dimer–dimer interface, while monomer B and C are at the dimer interface.
Monomer B and D are at the diagonal position. Feature importance of the ExpAssay (G) and noExpAssay (H) models was evaluated by SHapley Additive
exPlanations (SHAP). Features were ordered from top to bottom based on their contributions to the models. To interpret the plot, the contribution of
features towards different labels is represented by the direction of the x-axis (negative: non-functional; positive: functional), while the numeric value
of feature is represented by the colour of each data point. Combining these two aspects, contributions of each feature could be interpreted.

our model failed to predict non-functional mutations. Most of the
detrimental mutations in the OD region (Q331, G334, R337 and
R342) were misclassified. Only R337P in the clinical validation set
was correctly predicted, implying improvement is needed in the
future to have features distinguishing pathogenic mutations in
the OD.

Performance comparison with other predictors of
mutation effects
Compared with the p53-specific method, TP53_PROF, our ExpAs-
say presents consistent performance (blind test MCC = 0.88, clin-
ical validation MCC = 0.83, Tables 1 and 2). Meanwhile, we also
tried to use the same data splitting of TP53_PROF for model
development, and the ExpAssay still achieves stable performance
(MCC = 0.87, F1-score = 0.97, Table S4 available online at http://bib.
oxfordjournals.org/). However, the ExpAssay model not only has
less dependency on the costly experimental assay but also utilizes

only nine features for prediction, compared with a more compli-
cated TP53_PROF model containing 42 features. This presents a
less concern on ‘over-fitting’ of our model.

In terms of the DMS-based methods and the conventional
variant effect predictors, both our ExpAssay and noExpAs-
say models outperform those tools on both the blind test
(Table 1) and on the clinical validation (Table 2), suggesting
the insufficient power to predict pathogenic mutations in p53
using the sequence-based generalized features. As for the
deep learning-based methods, both our models achieved a
better predictive performance on the blind test. On the clinical
validation, AlphaMissense achieved a consistent performance
with our ExpAssay model, while this method outperformed our
noExpAssay model (ExpAssay MCC = 0.83, noExpAssay MCC = 0.78,
AlphaMissense MCC = 0.82, Figure S8 available online at http://bib.
oxfordjournals.org/). This may suggest the importance of the use
of structural features for the characterization of the effects of
variants.

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/25/1/bbad428/7453441 by U

niversity of M
elbourne user on 03 O

ctober 2024

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbad428#supplementary-data
http://bib.oxfordjournals.org/
http://bib.oxfordjournals.org/
http://bib.oxfordjournals.org/
http://bib.oxfordjournals.org/
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbad428#supplementary-data
http://bib.oxfordjournals.org/
http://bib.oxfordjournals.org/
http://bib.oxfordjournals.org/
http://bib.oxfordjournals.org/


8 | Pan et al.

Table 1: Predictive performance of different variant effect predictors on the functionality dataset

Models Method type Test seta MCCb BACCb F1-score AUCb Recall Precision

ExpAssay p53-specific 10-CV 0.91 0.95 0.98 0.99 0.99 0.98
noExpAssay 10-CV 0.78 0.89 0.95 0.97 0.95 0.95
ExpAssay Blind test 0.88 0.92 0.98 0.99 0.99 0.96
noExpAssay Blind test 0.81 0.87 0.96 0.98 0.99 0.94
TP53_PROF Blind test 0.88 0.94 0.90 0.99 0.91 0.90
DeMask Deep mutation scanning

(DMS)–based
Blind test 0.54 0.78 0.89 0.91 0.88 0.91

Envision Blind test 0.60 0.77 0.92 0.89 0.95 0.89
VARITY Blind test 0.72 0.88 0.93 0.95 0.91 0.96
SIFT Conservation-based Blind test 0.46 0.78 0.74 0.88 0.59 0.98
PolyPhen2 Blind test 0.42 0.75 0.70 0.87 0.54 0.98
SNAP2 Blind test 0.58 0.88 0.84 0.95 0.72 0.99
PROVEAN Blind test 0.69 0.89 0.91 0.95 0.86 0.97
AlphaMissense Deep learning–based Blind test 0.78 0.89 0.95 0.97 0.95 0.95
ESM-1b Blind test 0.68 0.83 0.93 0.95 0.94 0.93
CPT-1 Blind test 0.68 0.80 0.94 0.95 0.97 0.91

aStratified group 10-fold cross validation was performed, grouping mutations by WT residue position to reduce redundancy. bMCC stands for Matthew’s
correlation coefficient. BACC stands for balanced accuracy. AUC stands for area under the receiver operating characteristic (ROC) curve.

Table 2: Predictive performance of the pathogenic outcome of missense mutations from the clinical validation

Models Method type MCC BACC F1-score AUC Recall Precision

ExpAssay p53-specific 0.83 0.87 0.96 0.91 1.00 0.93
noExpAssay 0.78 0.86 0.95 0.98 0.93 0.93
TP53_PROF 0.83 0.87 0.96 0.87 1.00 0.93
DeMask DMS-based 0.78 0.86 0.95 0.95 0.98 0.93
Envision 0.58 0.75 0.92 0.89 0.96 0.88
VARITY 0.78 0.86 0.95 0.97 0.98 0.93
SIFT Conservation-based 0.58 0.84 0.85 0.92 0.75 0.98
PolyPhen2 0.47 0.78 0.77 0.96 0.64 0.97
SNAP2 0.59 0.84 0.88 0.95 0.81 0.96
PROVEAN 0.59 0.81 0.90 0.94 0.89 0.92
AlphaMissense Deep learning–based 0.82 0.89 0.96 0.99 0.98 0.94
ESM-1b 0.52 0.75 0.90 0.87 0.90 0.89
CPT-1 0.63 0.76 0.93 0.95 0.98 0.88

Feature interpretations to improve
understanding potential pathogenic risk factors
Since our model could accurately identify deleterious mutations,
feature interpretation techniques were deployed to assess the
different contributions of each chosen feature and further inves-
tigate potential molecular drivers of p53 leading to cancer.

Features of ExpAssay model
The highest contributing feature within this model is the fitness
score obtained from the experimental assay [79], which was estab-
lished to identify the dominant negative alleles (Figure 4G). In the
case of tetrameric p53, the dominant negative effect may suggest
a mutation, even if present in one monomer, may disrupt overall
tetramer function, similar to the findings we have reported on PPI
binding affinity.

To better understand the experimental fitness score, we com-
puted the Pearson’s correlation coefficient (R) between our com-
putational biophysical measurements and the fitness scores from
experiment (Table S5 available online at http://bib.oxfordjournals.
org/). Notably, the fitness score has a high correlation with the
MTRX, a consensus score that distinguishes pathogenic variants
from benign ones [62] (R = 0.72), suggesting it is also a good mea-
sure for pathogenicity. Meanwhile, it also correlated to other bio-
physical measurements, including the effect of p53 mutations on

protein stability (R = −0.61 to −0.52), protein–protein interaction
affinity (R = −0.44 to −0.40) and features describing mutation
structural environment, such as the solvent exposure (R = −0.68
to −0.61), which suggests that this score also represents effects
on function.

Despite the evident contributions of the experimental assay,
the other features are also indispensable. The PP:6.00 generated by
graph-based signatures suggests the association of polar atomic
environment with non-functional mutations, while the biochem-
ical scores from AAindex [91–94] suggests the importance of
protein stability, the change of secondary structure and the con-
servation of p53. The ionic residue interaction could also be
instrumental in characterizing pathogenic mutations.

Features of noExpAssay model
Features leveraged by the noExpAssay model show consistent
findings of the ExpAssay model and the qualitative compar-
isons. The top four contributing features describe the effect of
mutations comprehensively, and include the local polar atomic
environment, the prediction of functional changes (predicted by
SNAP2), tolerance to missense mutation estimated by MTR, as
well as the mutation impact on protein stability computed by
DUET. Without the experimental functionality evaluation, the
noExpAssay model used an in silico functional prediction as an
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Figure 5. Computational saturation mutagenesis in p53 predicted by our final model (ExpAssay). The pathogenicity of p53, which was coloured based
on the confidence of prediction, was mapped to the protein structure (A) and the sequence (C) of p53, with detailed predictions on the DBD and the
OD, while synonymous mutations were coloured as cyan, which was assumed to be non-deleterious. Missense tolerance ratio (MTR) scores were also
mapped to the structure (B) to display conserved regions of p53.

alternative, showing the strong reliance between function and
disease phenotypes. Feature Pos captures the pharmacophore
change on the positive atom caused by mutations. Additional bio-
chemical scores from AAindex suggest the importance of residue
potential [95] and structural similarity of amino acids [96]. Inter-
chain hydrophobic and polar residue environments at muta-
tion sites could be useful for the model to classify pathogenic
mutations.

Mutational landscape via computational
saturation mutagenesis
Finally, we present a comprehensive mutational landscape by
employing our best machine learning model (ExpAssay) to all
possible missense mutations in p53 (Figure 5). There are approx-
imately 26% predicted-pathogenic mutations in human p53 (Fig-
ure S7 available online at http://bib.oxfordjournals.org/), localiz-
ing in the DBD and OD. VUS data in the clinical dataset were
also annotated using our final model (Figure S9 available online
at http://bib.oxfordjournals.org/). All the predictions, along with
their confidence estimation, are available in the Supplementary
Files available online at http://bib.oxfordjournals.org/.

The p53 mutation landscape can be analysed based on
different domains. In our functionality dataset, non-functional
mutations were only found in the DBD and the OD. However,
our saturation mutagenesis map identifies two mutations (P27Q
and P27V) in the TAD with a relatively higher probability
(∼0.18) to be non-functional. In the DBD, it is predicted that

the benign and pathogenic mutations clustered in some of
the positions. Some mutation sites, such as T102, H115, A119,
S183 and R209, are less likely to harbor mutations having
deleterious effects, while the opposite is observed for other
positions, such as C132, C176, C238, P278, E286 and R282. In
terms of the mutations in OD, several mutations at G334,
R337 and R342 should gain attention about the potential
pathogenicity. Finally, no pathogenic mutation was found in the
CTD.

The mutation landscape of different residue substitutions
emphasizes the mutants imparting a high risk of cancer devel-
opment (Figure S10 available online at http://bib.oxfordjournals.
org/). In the DBD region, mutations from Cys, Ile and Phe are
more likely to lead to cancer, while mutations from Trp tend to be
benign. In terms of hot-spot mutantions, the negatively charged
residues (Glu and Asp), along with Pro tend to show a higher
probability of functional p53 disruption (Figure S10 available
online at http://bib.oxfordjournals.org/).

DISCUSSION
Tumour suppressor p53, as a leading driver of various cancers,
has been extensively studied in the last five decades to identify
the sequence–structure–disease relationship. Missense mutations
are one of the major alterations of p53 sequence and structure,
and it is highly challenging to experimentally elucidate the effects
caused by all possible mutations.
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Through integrating structural information and leveraging dif-
ferent computational tools, we have sought to characterize the
effect of missense mutations in p53. In this work we propose
several cancerous risk factors identified from both qualitative
comparisons and machine learning analysis, including mutations
with dominant negative effects, the changes of protein stabil-
ity and PPI binding affinity and the polar environment at the
mutation site. While the effects of mutations on protein–DNA
binding affinity did not show any significance, mutations directly
altering DNA binding were the minority [97], masking this effect.
Reassuringly, however, the final predictive model was able to
correctly capture the phenotypic outcomes of the high-frequency
TP53 disease mutations previously shown to alter DNA binding.
These molecular drivers have also been studied experimentally
in previous works [89, 98, 99], showing the robustness of our
analysis. Further to that, the feature interpretation techniques
such as SHAP largely improve the understanding of these molec-
ular drivers. For example, it is presented that the destabilizing
effect caused by mutations is strongly associated with deleterious
consequences on p53 function, suggesting that p53 function can
be restored by stabilizing its mutant structure. Recent work has
also shown that using a small molecule drug via virtual screening
could help stabilize the mutated p53 structures and recover its
functions [43]. We therefore believe that our proposed molecular
drivers could guide new strategies to design personalized treat-
ments.

The main feature contributing to our final model is one of
the functional fitness scores generated by an experimental assay.
However, it should be emphasized that the precise experimental
assay can be used for characterization of functional changes
but not the clinical pathogenicity (Table S1 available online at
http://bib.oxfordjournals.org/). With a comparable performance,
our noExpAssay model using computational measurements has
less dependency on the costly experiments. The power of these
in silico features has been well validated on other proteins [37–
39]. For the purpose of clinical use, this would justify the inclu-
sion of experimental assays, if available. On the other hand, the
computational features may have a wider applicability and better
interpretation of the model.

Both our method and the state-of-the-art approaches could
accurately classify the cancer-causing mutations on the DBD but
showed performance deterioration on mutations in the OD, due
to the rare occurrence of mutations in this domain. Further to
that, many experimental assays focused on estimating the fitness
of mutation only in the DBD [97, 100, 101] rather than the other
domains. Though these functionality assessments could largely
help improve the predictive performance of the identification
of deleterious mutations [36], more specific features could be
developed to improve the specificity of the mutations of OD, as
the pathogenic variants in OD could have different effects on
p53 monomer, dimer and tetramer [8]. We attempted to use the
whole p53 structure as the input to try to provide sufficient
structural information for feature generation, but the contribu-
tions were limited, with only one mutation accurately predicted.
Further improvement would be needed for the variants in this
domain.

In brief, our model could accurately characterize p53 cancer-
causing missense mutations by combining large-scale experimen-
tal assay results, protein structural information and various com-
putational tools. These accurate predictions could be invaluable
for the research on p53 and cancer.

Key Points

• We established two interpretable machine learning
models accurately identifying cancerous missense
mutations of the tumour suppressor p53 with
comparable performance of the state-of-the-art
methods.

• Qualitative analysis and model interpretation revealed
that information on residual p53 activity, polar atomic
environment and changes in p53 stability were instru-
mental in the decisions.

• Computational saturation mutagenesis of p53 was gen-
erated for patient monitoring and the development of
cancer treatments.

SUPPLEMENTARY DATA
Supplementary data are available online at https://academic.oup.
com/bib.
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