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1 Introduction

To be able to identify individual cancer mutations a novel approach is required that anno-
tates all possible mutations in a gene, independently of their probability of occurrence, as
potential drivers or passengers. Instead of relying on functional impact metrics [1, 2], this
method should measure the ability of a mutation to drive tumorigenesis. Moreover, as the
function of each cancer gene is different, as well as their role in tumorigenesis, we can expect
that the features that define driver mutations will be different per gene. Thus, we aim to
create an approach that learns the features that define driver mutations for each cancer gene
independently. In addition, the same cancer gene may have different mechanisms of tumori-
genesis in different tissues (e.g. compare EGFR in Lung adenocarcinoma and Glioblastoma).
Thus, if enough data is available, we aim to create gene and cancer type specific models.
Furthermore, it would be desirable that such classification yields human-readable results,
which help researchers point at the key features defining driver mutations in a cancer gene.

This problem has been approached before through experiments of saturation mutagenesis, in
which all possible mutants of a cancer gene are generated and their impact on protein func-
tion [3, 4, 5], or cell viability [6, 7] are assessed. These experiments possess obvious technical
and economic hurdles. Furthermore, due to limitations imposed by the experimental setup,
these approaches do not directly measure the tumorigenic potential of mutations, but rather
some proxy, such as their functional impact. For instance, in certain tumor suppressor genes,
saturation mutagenesis experiments have been conducted in haploid human cells to identify
mutations that abrogate cell viability [6]. Only scattered mutagenesis assays have been car-
ried out that actually assess the tumorigenic potential of mutations affecting cancer genes,
restricted to few cell types, which do not represent the wide spectrum of tissue-specific con-
straints. Generalizing them to cover hundreds of cancer genes across cell types representing
different tissues would be a herculean task.

To address this problem we have developed a platform to train machine learning models to
identify all possible driver mutations in cancer genes across cancer types. This document
presents details of the methodology, features and data used to generate these gene-tumor
type specific models, as well as an extensive benchmark of their performance. Then we
provide an extensive description of the validation and comparison experiments to critically
assess our approach, including hold-out testing with experimentally validated rare oncogenic
variants, comparisons with experimental saturation mutagenesis of 5 genes and with several
bioinformatics tools. We also re-trained models with subsamples to assess the growth outlook
of the pipeline as more sequenced tumors become available. Finally, we include a short section
where we justify the choice of the exponential function used in the definition of the discovery
index.
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2 Learning approach of boostDM

We describe boostDM, a supervised learning-based method aiming to discriminate between
potential driver and passenger single nucleotide substitutions in driver genes by exploiting a
reduced and interpretable collection of features associated to individual mutations, features
supported by prior knowledge and already known to be informative. We employed this
method to conduct in silico saturation mutagenesis analysis to systematically score and
characterize the propensity of point mutations to be involved in tumorigenesis.

2.1 Overview

Training set

boostDM is based on a supervised learning approach using a training set of driver and pas-
senger mutations in cancer genes. How to define such training datasets is not trivial, as
there is not a complete ground truth collection of driver and passenger point mutations in a
cancer gene.

For some genes, the excess of observed-over-expected mutations is large enough that the
vast majority of observed mutations are involved in tumorigenesis. We propose (and vali-
date) that if there are enough observed mutations in cancer driver genes with consequence
type above a certain excess will provide both sufficiently many mutations and high enough
driver enrichment to render good discriminative ability by standard supervised classification
techniques. Thus we define as positive set (drivers) the set of mutations with excess of
observed-to-expected ≥ 85% according to dNdScv [8].

From a theoretical perspective, passenger mutations would be any other mutations. For dis-
criminative efficiency, however, training data must reflect the fact that passenger mutations
are randomly generated following tri-nucleotide specific mutation rates (neutral mutational
profile). Thus a collection of simulated mutations according following the neutral mutational
profile will be used as a negative set (Passengers).

Features

Each mutation provided for training is annotated with a vector of mutational features, which
the classification task exploits to discriminate between observed drivers and passengers in tu-
mours. Some mutational features of each cancer gene across malignancies have been derived
from the systematic analysis of tens of thousands of tumor samples by IntOGen [9]. Other
relevant features have been collected from public databases: VEP.92 [10], PhosphositePlus
[11] and phyloP [2].

Learning heuristics

For each gene-tumor type pair, the learning heuristics makes use of gradient boosted trees
as the base classifier. Several base classifiers are trained on random subsets (bagging) of the
pool of learning mutations. Then these classifiers are aggregated into a consensus model.
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Alongside the training, this approach yields an out-of-bag (cross-validation) assessment of
the model performance. This evaluation strategy is expected to give a conservative estima-
tion of the performance, as it reflects the typical performance of the base classifiers before
aggregation.

Scope

As a principle, boostDM provides a distinct model for each driver gene-tumor type pair.
In some cases, however, the models cannot be successfully rolled out due to the fact that
there are not enough mutations for training or even if there are, cross-validation yields low
accuracy. Within each gene, boostDM covers the protein coding sequence of the genome.

The effect of all mutations being considered are relative to the canonical transcript of protein
coding genes according to the Ensembl Variant Effect Predictor version 92 (VEP.92 [10]).
Notice that these transcripts may include mutations in untranslated regions which are splic-
ing affecting, even if they are non-protein-altering mutations.

Prediction

For each cancer gene and tumor type our method fits a model representing feature rules that
define driver mutations in that context. Specifically, the method yields a score p ∈ [0, 1]
that reflects the strength of the forecast that the mutation is a potential driver: the higher
the score, the stronger the evidence. Although p is not calibrated to support a probabilistic
interpretation, a score > 0.5 reflects a predominant evidence in favour of the mutation being
a potential driver.

Explanation

Each base classifier (gradient boosted tress) admits an additive explanation model that
decomposes the logit prediction of each individual mutation as the sum of so-called SHAP
values associated to the features [12]. These are explanatory values in the sense that a
feature having positive (resp. negative) SHAP value implies that the method deems more
likely (resp. unlikely) that the mutation is a driver conditioned to the feature’s value (see
Section 2.7). We define the SHAP values of the aggregated model as the mean SHAP values
across base classifiers.

2.2 Model Specification

2.2.1 Implementation

Each boostDM model is an ensemble of base classifiers (n = 50) each trained with a random
sample subset (bagging) drawn from the learning dataset. Each base classifier is a boosted
trees model (sum of regression tree functions trained with XGBoost gradient boosting im-
plementation) with a cross-entropy loss function. The base classifiers are aggregated into
a consensus model with an aggregator intended to correct for the systematic bias of each
expert classifier (Section 2.8). The consensus model additive explanations are computed as
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the mean SHAP values base classifiers (Section 2.7).

The boostDM pipeline has been implemented in Python [13] and Nextflow [14]. The models
were implemented with the libraries xgboost [15] (version 0.90) to train the base classifiers
and shap [12] (version 0.28.5) to compute the SHAP values associated with the predictions.

2.2.2 Base classifier hyperparameters

The model hyperparameters specify the learning strategy to keep a balance between loss
minimization and generalization. While some hyperparameter values are the result of an
explicit design decision, others cannot unequivocally defined. The current values stand as
a compromise resulting from a testing series. For more information about hyperparameter
tuning with XGBoost, please check xgboost documentation: xgboost.readthedocs.io.

Herein we provide the current hyperparameter set-up:

• Models are sums regression tree functions functions
(booster = "gbtree")

• The learning task minimizes a cross-entropy loss function
(objective = "binary:logistic").

• All the features are available when building each new tree (colsample bytree = 1)
and each new tree level (colsample bylevel = 1).

• Learning rate 0.001 (learning rate = 0.001) was decided on by testing in combi-
nation with the maximum number of training steps.

• Percentage of samples randomly drawn prior to growing a new tree is 70% at every
iteration (subsample = 0.7). This is a technical choice to further prevent overfitting.

• Maximum depth of trees used in the tree function is 4 (max depth=4). In practice a
good performance can be attained even at depth as low as 1 (stumps). However, at
a higher but still tolerable computational cost, more depth gives also more room for
learning complex dependencies.

• Default regularization hyperparameters were employed.

• Maximum number of training steps is 20,000 (n estimators = 20000).

Empirical evidence suggests that this set-up was a convenient choice in view of performance
tests, expected capacity for the models to handle feature interactions and moderate training
speed. Notwithstanding the importance of this technical setup, due to the fact that our base
classifiers undergo additional aggregation, biases attributable to gradient boosting training
will tend to moderate, resulting in an implicit form of regularization.

To illustrate this, we include as an example the results after training the base classifiers with
a different set-up: maximum tree depth 2 and maximum number of training steps 30,000 (see
Fig. SN1). Comparing the current output with the alternative one, we can see only minor
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performance differences between the two setups, with a slight propensity of the alternative
one to lead to higher dispersion across base classifiers.

2.3 Tumor type ontology

A specific tumor type determines the set of sequenced samples that contribute positive
mutations to the learning dataset, the neutral mutation profile required to simulate passenger
mutations and the value of some features.

We aim to develop models that are capable of classifying mutations across tumor types
with different degrees of generality, the main reason being that for some specific gene-tumor
type pairs the number of mutations is not sufficient to render a good model fitting, but the
lack of mutations to train a gene-tumor type model can potentially be mitigated by pooling
mutations from other samples of similar tumor types from a histopathological perspective.

We delineate a model selection strategy based on a hierarchical organization of tumor types
that allows to conduct this pooling in a systematic way. Thus we defined a tumor type
ontology (Oncotree) adapted from IntOGen [9] that allows us to group samples according
to several degrees of specificity regarding the tissue-pathology context where the mutations
are reported. Then the root term CANCER is connected to two children terms, SOLID and
NON SOLID, which children connected at increasing levels of specificity. The leaves of this
hierarchy define the most specific tumor-type terms considered in this study (see Section
2.9).

Each model trained by boostDM is relative to a gene and tumor-type pair, where the tumor
type corresponds to a term in the Oncotree: we denote it as (G,T)-model for brevity.

2.4 Data Processing

2.4.1 Source

The following essential data inputs were collected from IntOGen [9] (release 2020.02.01):
the compendium of 568 mutational driver genes alongside their driver discovery output
annotations, including consequence-type-specific dN/dS (dNdScv) and mode of action per
gene; the catalogue of observed mutations in those genes; site-specific mutational features
associated with various signals of positive selection, including: 3D clusters, linear clusters
and recurrently mutated protein domains.

2.4.2 Filtering

Consequence type. We restricted our analysis to single nucleotide substitutions annotated
with either of the following Sequence Ontology [16] terms (according to VEP.92) with re-
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spect to the canonical transcript: splice-donor-variant, splice-acceptor-variant, splice-region-
variant; missense-variant; stop-gained; stop-lost; synonymous-variant.

Multiple nucleotide variants. Adjacent point mutations were excluded from our analysis
due to the plausible risk that these are misannotated.

De-duplication of samples. We removed duplicated samples (i.e., multiple samples from
the same donor) for the training of models. If a cohort included duplicated samples, we se-
lected the first according to its alphabetical order as in [9]. For additional information about
the pre-processing of samples, the reader can check https://intogen.readthedocs.io.

2.5 Mutational features

Given a point mutation in a driver gene and tumor type (either observed or randomized)
our method requires an annotation of the mutation with a series of features to train the
classifiers.

• Consequence type: every mutation was annotated with the following binary features,
matching the obvious Sequence Ontology annotations: missense, nonsense (stop-
gained; stop-lost), synonymous and splicing. For all observed and synthetic mu-
tations in driver genes, we retrieved the annotations from VEP.92 for the canonical
transcript (see Section 2.4.2).

• Clusters of mutations in the DNA primary structure (linear clusters): for every mu-
tation we annotated whether it overlaps a significant linear cluster identified by the
method OncodriveCLUSTL [17]. We created two annotation tiers for mutations over-
lapping i) linear clusters found in a cohort of the corresponding tumor type (tumor
type specific: cat 1), or ii) clusters only identified in cohorts belonging to other tumor
types (pan-cancer: cat 2). Additionally we create another feature that represents the
OncodriveCLUSTL score for linear cluster in the tumor type (i.e., cat 1).

• Clusters of mutations on the protein 3D structure (3D clusters) identified by the
method HotMAPS [18] in a tumor type specific (cat 1) and pan-cancer (cat 2) way.
For details of the HotMAPS implementation please refer to [9].

• The overlap with Pfam domains [19] that are significantly enriched for mutations in
the gene across tumors of the cancer type, identified by the method smRegions [20],
in a tumor type specific (cat 1) and pan-cancer (cat 2) way.

• Phylogenetic conservation of the nucleotide across mammals measured through the
PhyloP 100-way score [2].

• Non-synonymous coding mutations were also annotated with post translational mod-
ifications (PTMs) when the mutation affected an amino acid that is known to be
acetylated, phosphorylated, ubiquitinated, methylated or subject to any other regu-
latory modification according to PhosphositePlus [11].
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• Whether nonsense mutations overlap the last coding exon of the canonical tran-
script (according to VEP.92) reflecting the potential for the truncating variant to
skip nonsense-mediated RNA decay [21].

Two features (PhyloP and the OncodriveCLUSTL score) were encoded as their original
floating numerical value. The rest of the features (categorical) were encoded with a one-hot
encoding.

2.6 Training

2.6.1 Training datasets

The first requirement for our supervised learning approach is to create a catalogue of mu-
tations labeled as Drivers or Passengers. This catalogue is established globally for all the
models, then for the training of each (G,T)-model only the mutations relevant to the (G,T)
context are used.

2.6.2 Drivers

The set of Drivers used for training are observed mutations in mutational cancer genes (IntO-
Gen) that exhibit a consequence-type specific excess of observed-over-expected mutations ≥
85% according to the method dNdScv [8]. Repeated mutations (i.e., when the same mutation
is observed in different samples) are allowed in the set of Drivers.

2.6.3 Passengers

For each Driver mutation mapping to a gene and cohort of samples, we randomly select
one mutation from the CDS (VEP.92 canonical transcript) following probabilities the tri-
nucleotide specific probabilities recorded in the cohort (see Methods). Because we are bound
to train 50 base classifiers, we do this random selection 50 times with replacement.

2.6.4 Data Splits

For each gene-tumor type pair (G,T), the corresponding base classifiers are obtained after
conducting training with two sets of annotated mutations, namely Train and Test. We will
refer to a Train-Test pair as a Split. In our setting each Split is generated randomly and
must satisfy the following requirements:

1. Both Train and Test sets are Driver-Passenger balanced.

2. The Train set comprises 70% of Driver examples.
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3. Each unique Driver instance belongs either to Train or Test.

4. Repeated Driver mutations (i.e., when the same mutation is observed in different
samples) are allowed in Train, but not in Test (to prevent spurious inflation of the
cross-validation performance evaluation).

5. Passenger mutations in Train and Test are randomly selected among all the mutations
in the Passengers pool matching the (G,T) context.

We set the minimum average number of Driver and Passenger mutation instances in the
Train size to deem the models trainable at 30. The method’s learning flow is portrayed in
Fig. SN2.

2.6.5 Cross-validation and early stopping

When training a base classifier, we implemented sequential evaluation to determine the
optimal number of estimators. We evaluate the performance after each learning step using
the Test dataset. This sequential evaluation informs whether the training must stop due to
steady or decreasing performance for a set of consecutive iterations (early stopping).

We use the cross-entropy (see scikit-learn.org/model evaluation) as a performance
measure to assess training progress sequentially with cross validation. Given true labels
y = yi and forecasts ŷ = ŷi, the cross-entropy is defined as:

J(y, ŷ) = − 1

N

N∑
i=1

[yi log ŷi + (1− yi) log(1− ŷi)] .

We define an early-stopping requirement of 2,000 iterations. Thus each expert classifier
training finishes when either of the following conditions is first met: i) the maximum number
of training steps (N=20,000 iterations) is attained; ii) the model’s performance on the Test
data set does not improve for 2,000 consecutive iterations. See Fig. SN3.

After the training we record the performance of the classifier via log-loss and a weighted
F-score (F50, see Section 3) when applied to the Test dataset. Although cross-validation
and early stopping allow some extent of data leakage from the Test dataset, it turns out to
provide a conservative performance evaluation compared to real performance in sample-wise
hold-out tests (see discussion in Section 3.2).

2.7 Shapley Additive Explanations

Each base classifier yields an additive explanation model based on Shapley Additive Ex-
planations (SHAP values) [12]. Specifically, each expert classifier can decompose the logit
forecast yielded by a particular mutation m, say logit(pm) into a collection of SHAP values
{si(m)}, one per feature, in such a way that:

s1(m) + . . .+ sn(m) = logit(pm) for all m.
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The intuition behind the concept of SHAP value is rooted and better understood in the
context of cooperative game theory, where the Shapley value [22] was originally described.
If we think of logit(p) as a utility function that depends on the contribution of a coalition
of features (thought of as players of a cooperative game) the SHAP values account for the
relative contributions of the features by averaging the differences between: i) the expected
forecast when the feature value is known and ii) the expected forecast when the feature value
is not known.

More specifically, given an individual expert classifier, denoted by M , the additive expla-
nation model A(M) for M is a map from the feature space F = F1 × . . . × Fn (the set of
arrays representing the possible values of the features) onto the euclidean space E = Rn of
dimension equal to the number of features, which satisfies the following two requirements:

1. The additive explanation model A(M) gives an additive decomposition of the logit
forecast given by M , i.e. if m ∈ F denotes the array of feature values for some
individual mutation and M(m) denotes the logit prediction of the classifier on m, if

A(M)(z) = (φ1, . . . , φn)

then
M(z) = φ1 + . . .+ φn.

2. Given a feature array m for some individual mutation, the i-th component of A(M) is
an estimate of the average marginal payoff of the i-th feature over all possible feature
coalitions, i.e.,

φi(m) =
∑

S⊆[n]\{i}

K(S) · (f(S ∪ {i};m)− f(S;m))

where the sum runs through all possible subsets of the set of features excluding the
i-th feature; and

K(S) =
|S|! · (n− |S|!− 1)

n!

is an averaging coefficient that depends on the size of S; and

f(U ;m) = E(M(m) | m ∈ U)

is the conditional expectation of the model’s prediction for m, given that only the
values of the features belonging to the subset U are known.

2.8 Aggregator of base classifiers

One challenge of our approach is that during training a fraction of the Driver labels may
correspond to passenger mutations, even if this fraction will in general be lower than 15%
(recall that we only consider those mutations matching a consequence-type specific dNdScv
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excess higher than 85%). This implies that each individual expert classifier may be at risk
of being biased by the specific choices of Drivers made in the Splits. To work around this
difficulty, we propose to use a pool of base classifiers, each trained with a different partial
view of the data, so that the final forecast and explanation results from combining these
classifiers, while also correcting for the systematic biases that they may bear.

2.8.1 Forecast aggregator

Our approach resorts to a non-linear combination of probabilities based on a logit-normal
model [23]. Specifically, if a classifier Mi casts a prediction pi that a specific mutation is
a driver and Yi = logit(pi), this modelling choice assumes that pi arises from some latent
true probability p that the mutation is a driver, which has in turn been moderated by some
degree of systematic bias:

Yi = log

(
p

1− p

)1/a

+ εi

with εi ∼ N(0, σ2) being a normal random variable with standard deviation σ and a ≥ 0
represents the amount of systematic bias.

Intuitively, systematic bias quantifies the extent to which individual classifiers regress to-
wards a log-odds zero due to partial information or under-confidence while issuing their
respective forecasts. While a = 1 would be associated with an accurate forecast, a > 1
represents under-confidence.

Using the previous modelling assumptions, given a collection of classifiers and their respective
forecasts pi and logits Yi, the latent true probability p can be estimated as p̂ with the following
estimator:

p̂(a) =
exp(aY )

1 + exp(aY )

where Y denotes the average of the logits Yi and a ≥ 1 is the systematic bias.

The level of systematic bias gives us a method to sharpen the consensus forecasts of a coalition
of under-confident predictors. In the interest of clarity and interpretability of the outcome,
we require boostDM forecasts to have a marked bimodal tendendency to yield forecasts close
to either 0 or 1. Upon testing the method in some exemplary gene-tumor type contexts, we
committed to the choice a = 2.3 for all models.

2.8.2 SHAP aggregator

The SHAP vector associated to a specific input mutation is computed as the feature-wise
mean of the SHAP vectors cast across base classifiers.
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2.9 Model Selection

As a principle, for each (G,T ) context we can compute a classification model as an aggrega-
tor of base classifiers. A weak predictive power can come about either because there are not
enough observed mutations to render a clear signal by means of regression with the current
features, or because regardless of the number of mutations the set of mutational features is
not sufficient to learn a distinct signal for the Drivers. A weak cross-validation predictive
ability is a clear sign that the model is up to the learning problem, however a strong per-
formance is not an unequivocal sign that the model is solving the task properly. Herein we
discuss the criteria to deem a model sufficient and the rule to decide which (general) model
to use given a target gene-tumor type pair.

2.9.1 Evaluation in test sets

Train-test splits give rise to base classifiers that are ultimately merged into a consensus
classifier. These splits allow performance assessment by casting the predictions of the base
classifiers trained with the split on the test set (cross-validation). The performance measure
used to evaluate each partial classifier is a weighted F-score. The selection of the weighted
F-score is motivated by the fact that some (up to 15% given one of the thresholds set for
building models) “driver” mutations may actually be passengers (see below). From the 50
splits computed to generate the consensus classifier a global performance summary is derived
taking the median of the F-scores.

2.9.2 F-score

To establish a simple and uniform performance criterion we resort to a weighted F-score that
gives more importance to precision than to recall. We used an F-beta score with beta=0.5
as defined in [24], which would measure the effectiveness of retrieval from the perspective of
a user who attaches twice as much importance to precision as recall. We denote this as F50

throughout.

First, in assessing driverness, false negatives are in general more tolerable than false positives
for a classifier with practical implications, as the real set of drivers is generally assumed to
be much smaller than the set of all possible mutations that can be generated under neutral
selection. Second, due to the intrinsically impure set of the mutations used for learning, some
driver mutations in the test set are expected not to be true driver mutations. Consequently,
a theoretically perfect classifier could not even attain perfect recall, hence recall must be
undervalued in order to assess the method’s performance.
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2.9.3 Representativeness

Intuitively, the performance criterion delineated in the previous section is not sufficient to
establish the confidence of the assessment. For example, low confidence would follow if the
repertoire of observed mutations upon which the model is trained are not representative
of the set of potentially observable mutations in the gene-tumor type context. Therefore,
the performance assessment must be endowed with a measure of representativeness of the
observed mutation set.

To measure representativeness we make use of two properties: i) the propensity to observe
the same mutations on repeated subsamples (measured by the discovery index, see online
Methods) and ii) the number of mutations. We establish, as a rule, that to build a model
representing a gene-tumor type with low discovery index, more observed mutations are re-
quired than those needed to build a model of a gene-tumor type with higher discovery index.
Specifically, the following rule is followed: if the discovery index is higher than 0.2 at least
30 observed mutations are required to build the model; otherwise we require at least 40
observed mutations.

2.9.4 Model quality criteria

We deem the quality of the models sufficient if they meet each of the following conditions:

• Minimum training size: ≥ 30 training examples on average across training splits.

• Representativeness: the set of observed mutations qualifies as a representative set;
specifically, we require more observed mutations if the discovery index is lower, i.e.,
if m denotes the total number of observed mutations in a given gene and tumor type
context, at least one of the following conditions must hold: m ≥ 40; or discovery
index ≥ 0.2 and m ≥ 30; or discovery index ≥ 0.4 and m ≥ 20; or discovery index
≥ 0.4 and m ≥ 10.

• Cross-validation performance: ≥ 0.8 median cross-validation F50 across base
classifiers.

2.9.5 General model selection rule

We formulate the following model selection rule: for mutations mapping to gene G and
cohort C, the model of choice will be the (G,T )-model where T is the most specific ancestor
tumor type of C in the Oncotree such that the (G,T )-models meets the minimum quality
criteria. If there is no such tumor type, we deem the forecast not feasible for that specific
query.
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3 Validation

We present a series of analyses to validate the in silico saturation mutagenesis approach
implemented via boostDM models. We compare the performance of boostDM models in the
classification of observed and synthetic mutations in 5 cancer genes with that of experimen-
tal saturation mutagenesis assays on the same genes. The comparison is extended across an
important fraction of boostDM models to the performance of 8 bioinformatics methods aimed
at identifying driver mutations or at assessing the functional impact of variants. Further-
more, we validate the predictions of the method using sets of observed and experimentally
validated rare variants that are held out to re-train the models. We assess the ability of
models trained and tested on a subset of the original data to classify the remaining held-out
mutations, which constitute, in effect, an independent validation dataset. We also assess the
ability of the method to reflect pathogenicity and oncogenicity in curated datasets with clin-
ically relevant variants. Finally, we test the enrichment of positive predictions among lower
frequency polymorphisms. Collectively, these tests demonstrate the satisfactory execution of
boostDM models, which systematically outperform saturation mutagenesis experiments and
other bioinformatics tools. In this document, we also describe the dependencies between the
input data and the performance and complexity of the resulting models using random sub-
sampling tests. The results of this experiment demonstrate that as more cancer sequencing
data is available, more good-quality models will be attainable.

3.1 Hold-out with experimentally validated rare onco-
genic variants

3.1.1 Rationale

We wanted to analyze the ability of the approach employed to train and test boostDM
models to infer rules that can be subsequently applied to mutations that were never utilized
at learning, i.e. the ability of the method to produce rules that can be extrapolated to
biologically plausible, yet unobserved mutations. This is particularly relevant for assessing
low-frequency variants of unknown significance.

3.1.2 Methodology

Given a probing set of missense mutations, we re-trained boostDM models by holding them
out, then we assessed the ability of the re-trained models to correctly classify them. We
carried out this analysis with two datasets separately: validated rare mutations reported in
[25] and [26], respectively. These sets comprise mutations which have been both observed in
tumors and experimentally validated.
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3.1.3 Datasets of rare variants

Kim et al. In [25] the authors validated a set of cancer mutations which comprises both
high and low frequently observed mutations through in vivo tumor formation assays. Out
of the positive set, 71 alleles belonging to the rarely observed category were validated by
xenografts in NCR-Nu mice, as measured by the size of the tumors after 130 days. We used
the “functional” (set of positive) and “neutral” (set of negative) labels as defined by the
authors.

Berger et al. In [26] the authors experimentally analyzed 194 mutations observed in lung ade-
nocarcinomas, 69% of which were deemed as impactful via expression-based variant impact
phenotyping (eVIP). Resistance to EGFR inhibition by erlotinib in two different concen-
trations was also measured. We labeled the mutation as “driver” when an eVIP-positive
mutation also elicited resistance to EGFR inhibition in both conditions, and “passenger”
when the allele was negative in both experiments.

3.1.4 Results

In computing the performance of the re-trained models on the pool of annotated missense
mutations we conducted a separate analysis for oncogenes and tumor suppressors. When
casting the predictions of re-trained models, only those mutations mapping to genes having a
good quality models were assessed (364 variants) using the most specific tumor type models
available.

Reported predictive abilities (F50) were generally high with slighlty better results for onco-
genes (see Fig. 1 and Fig. S4):

• Kim et al. missense mutations in oncogenes.
96 driver, 16 passenger; F50=0.95.

• Kim et al. missense mutations in tumor suppressors.
47 driver, 55 passenger; F50=0.72.

• Berger et al. missense mutations in oncogenes.
131 driver, 10 passenger; F50=0.92.

• Berger et al. missense mutations in tumor suppressors.
0 drivers, 12 passengers; NPV=0.92 (negative predictive value was used instead, as
per the zero driver labels).

For a reduced set of genes we also computed their gene-wise performance: those genes for
which at least one mutation in each driver and passenger class was reported. See Fig. 1h
and Fig. S4a.
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3.2 Sample-wise hold-out validation

3.2.1 Rationale

We wanted to test boostDM models on a setting close to the real-life scenario of interpretation
of mutations in newly sequenced tumors. Such experiment would thus consist on leaving a
fraction of the samples of a cohort of a tumor type out of those used in the training and test of
the models (i.e., held-out) to use in their subsequent validation. Thus, we held out a random
subset representing 10% of the samples from each cohort, the goal being to compare the
performance of the re-trained models on the held-out data per gene-tumor type against the
cross-validation performance of the original models trained with the full dataset. Specifically,
holding out a subset of samples seeks to evaluate how the model is expected to perform in
the classification of mutations identified in newly sequenced cancer samples. This is key for
the in silico saturation mutagenesis –and by extension, for the interpretation of mutations
in newly sequenced cancer genomes– which by definition consists in the classification of yet
unobserved mutations.

3.2.2 Methodology

Among the mutations held out, we kept those that were included in the pool of mutations
used for training of the full models – with their respective labels. Then we filtered out
those mutations not mapping to any of the 185 gene-tumor types covered by good quality
re-trained gene models. Considering unique mutations, about 66% were annotated as driver
and the rest as passengers.

Matching the predictions of the retrained models with the driver/passenger annotations we
could evaluate the hold-out performance (F50) for 161 gene-tumor type pairs. We then
compared them with the respective cross-validation performance in the full models.

3.2.3 Results

We compare the hold-out performance with re-trained models of TP53 against the cross-
validation assessment yielded by the respective full models (see Fig. S2c). We also show the
hold-out vs cross-validation across gene-tumor type pairs for oncogenes and tumor suppres-
sors, separately.

The case of TP53 is paradigmatic of a driver gene with a moderate discovery index, implying
a relatively low number of recurrent mutations in sample subsets, yet it has been intensely
covered by sequencing, and is frequently affected by driver mutations across many tumor
types. This makes it the gene with most good-quality models available for training and most
stable under perturbations of the input datasets. Consequently, the observed mutations in
TP53 are highly representative across several tumor types. The comparison between our
10% sample-wise hold-out and cross-validation in TP53 is consistent with the view that
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cross-validation yields a reasonable proxy for the expected performance in yet unobserved
sets of mutations, with a comparable performance overall.

Looking across gene-tumor types, the results suggest that cross-validation is a conservative
proxy of the sample-wise hold-out validation. This can be explained by the fact that cross-
validation assessment reflects the typical performance of base classifiers prior to aggregation,
which are expected to be sub-optimal models reflecting only partial classification rules. A seg-
regated analysis within oncogenes and tumor suppressors indicate that the cross-validation
may be slightly more conservative in the case of oncogenes (Fig. S2c).

3.3 Comparison against experimental and in silico func-
tional scores

3.3.1 Rationale

Our aim in the development of boostDM consists in the site by site identification of poten-
tial drivers. We have framed it as a supervised classification problem that takes observed
mutations in high excess consequence types as positive examples. Observed mutations in
these high-excess cancer genes are the best proxy for driver mutations to use as validation
dataset. In this regard, tumors may be considered as the only true real-life validation –
natural experiment– of oncogenic mutations. Experimental approaches in general assess the
effect of mutations in artificial experimental settings and do not measure directly oncogenic
potential in human tissues. This is why we have used the observed –and randomized– mu-
tations across tumors as positive and negative sets for validation of saturation mutagenesis
approaches, both experimental and in silico (via boostDM models or via other bioinformatics
tools aimed at the identification of driver mutations or at the assessment of the functional
impact of variants).

3.3.2 Methodology

Bearing this in mind, the boostDM performance we report to compare with other approaches
is derived by keeping as ground truth all the test mutations used for cross-validation of
boostDM (described above) and measuring the agreement of the prediction cast by each base
classifier on its corresponding set of test mutations. As for the other methods (experimental
mutagenesis or in silico functional scores) we use the same set of ground truth mutations,
keeping only those for which the corresponding method has a defined functional score.

We assessed the performance of a collection of mutation-specific functional scoring methods,
comprising experimental saturation mutagenesis assays (TP53, RAS domain and PTEN )
and in silico functional scores, then compared them against boostDM performance.

First we will introduce the methodology, then for sake of interpretation we provide a brief
description of the methods themselves.
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3.3.3 Comparison methodology

Although boostDM establishes a natural cutoff (0.5) to tell apart predicted drivers from
passengers, none of the methods we compare with allows a straightforward dichotomous
classification. Hence we evaluate their performance as the area under the precision-recall
curve (auPRC) when we compare the method output against a validation driver-passenger-
annotated dataset.

3.3.4 Validation Dataset

For a specific gene-tumor type context we defined the validation dataset as the balanced set
comprising all test mutation instances across the 50 base base classifier splits. This choice
allows an unbiased performance estimation of boostDM as we can evaluate the performance
of each base classifier on their respective test mutations, which were never used for training.
In other words, for each test set included in the validation pool, we got the boostDM forecasts
with the base classifier resulting from the training set of the same split.

The other scores were mapped using genomic coordinates –and the tumor type of the model
in case of the per-tumor-type CHASMplus models. Note that this approach may in princi-
ple overestimate the performance of the supervised learning-based bioinformatics tools we
evaluate, as we do not prevent mutations that were used at their training from being part
of the validation dataset. Finally, each method was evaluated only on the set of validation
mutations where the score could be mapped.

3.3.5 Precision-recall curves

For each score we computed the precision-recall curve from the validation dataset using the
Python sklearn.metrics function precision recall curve, which required a re-scaling
step to render all the scores in a 0-1 probability range. We accomplished this by adding a
logistic regression step that used as a covariate the score and as response the labels of the
validation set. For fair comparison, the same step was conducted for all methods, boostDM
included.

3.3.6 Continuous scores from a dichotomous perspective

For the sake of completeness, in the case of the TP53 (Kato et al. [4] and Giacomelli
et al. [27]) and PTEN (Mighell et al. [7]) experimental saturation mutagenesis assays,
CHASMplus and CADD, we also conducted the performance comparison against boostDM

by using probing cutoffs that yielded a dichotomous forecast (F50).

For TP53 (Kato et al.) we used a cutoff of 50 (a.u.) for the median intensities between
the WAF1, MDM2, BAXnWT, h1433sn, AIP1, GADD45, NOXA, P53R2 reporters (see
Figure SN4a). For TP53 (Giacomelli et al.) we used the cutoff of 0 (A549 cells, p53NULL
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+ etoposide Z-score) where values below 0 are positive. For PTEN (Mighell et al.) we
used a cutoff of -2 (a.u.) for the log-scaled and wild-type normalized fitness scores (see
Figure SN4b). For CHASMplus we created two dichotomous classifications based on mild
and stringent cutoff levels. These cutoffs were decided upon transformation of the score
p-values into q-values by FDR correction across all the CHASMplus-annotated mutations
mapping to the same gene-tumor type pair: the stringent (resp. mild) cutoff required a
q-value=0 (resp. q-value ≤ 0.01). For CADD we created a dichotomous classification based
on the cutoff 10. We present the results after conducting the comparison for the entire
validation set and for each test set separately (Fig. S3).

3.3.7 Experimental saturation mutagenesis assays

We compared the results between boostDM and the predictions that would be derived from
an experimental saturation mutagenesis assay. Thus we parsed and mapped the outputs
of several experimental saturation mutagenesis studies for TP53 [4, 27], mutations in the
RAS domain [28], and PTEN [7], then analyzed the concordance between these scores and
boostDM across all the tumor types where a boostDM model was available.

Datasets

Kato et al. TP53 data obtained from [4]. In the experiment, a site-directed mutagenesis was
employed to construct all possible missense substitutions in the p53 protein (2569 nucleotide
substitutions, 2314 different amino acid variants), followed by a promoter-specific transcrip-
tional activity in yeast-based functional assays. Non functional sites were considered when
less than the 50% wildtype transactivation was observed, as measured by the median of
WAF1, MDM2, BAX, h1433s, AIP1, GADD45, NOXA and P53R2 factors.

Giacomelli et al. TP53 data obtained from [27]. TP53 saturation mutagenesis screens in an
isogenic pair of TP53 wild-type and null cell lines. Library comprising 8258 mutant TP53
alleles, such that each allele would contain a single mutation, and each of the 20 natural
amino acids and a stop codon would be represented at each codon position.

Bandaru et al. Ras function data obtained from [28]. Analysis of a complete set of single-site
mutations for the relevant variant of human H-Ras, expressed together with Raf-RBD, in a
bacterial two-hybrid system.

Mighell et al. PTEN data obtained from [7]. Parallel approach in an artificial humanized
yeast model to evaluate the impact of 7244 amino acid PTEN variants in the lipid phos-
phatase activity. The final score is defined by the mean of the functional score defined by
the authors out of six experiments (two biological replicates with three technical replicates
each).

Discussion

Saturation mutagenesis experiments are important tools to understand the functionality of
all possible mutations affecting a cancer gene and their potential relevance in tumorigen-
esis. Nevertheless, several caveats of the experimental setting must be taken into account
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in this reasoning. First, most of these experiments carry out some measure of functional
impact of possible mutations in the gene under study. How much the functional impact of
a mutation reflects its potential tumorigenic capability is something to be determined and
depends, among other things, on the mode of action of the cancer gene. For example, high
impacting mutations in tumor suppressor genes are likely to be tumorigenic, but identifying
gain-of-function mutations in oncogenes is arguably more difficult. Another problem is that
saturation mutagenesis experiments reflect the biology of the cell type (or the in vitro con-
struct) where they have been assayed. How the functional impact of mutations studied in
a particular setting translates into a tumorigenic capability across different cell types with
varying biology is also difficult to assess.

Our in silico saturation mutagenesis based on boostDM, on the other hand directly evaluates
the likelihood of each possible mutation of a cancer gene to be involved in tumorigenesis.
This likelihood is based on the features that delineate observed driver mutations and are thus
likely to provide a more direct assessment of the tumorigenic potential of a mutation than
the functional impact computed through saturation mutagenesis experiments. Furthermore,
we construct tumor type-specific models that are able to capture the particularities of driver
mutations of a cancer gene in different tissues. In summary, these differences between our
silico saturation mutagenesis approach and experimental saturation mutagenesis experiments
may explain the divergence of the results of both for certain cancer genes.

Other comparisons

There are other experimental saturation mutagenesis studies that in principle would provide
us with interesting comparisons to further validate and interpret our methodology. This is
the case of a recent study on BRCA1 [6]. However, for comparisons to render meaningful
outcomes, we require our models to reach a minimum quality for the genes concerned. In
Supp. Table 2 we provide specific information about the 2080 starting cancer gene-tissue
combinations entering our pipeline. The numbers provided in this Table (in particular the
label “effective mutations”, i.e., mutations available for training once the excess for each
consequence type across each cohort of the tumor type is accounted for) constitute the ra-
tionale behind the model building flow diagram in Figure S1a. As of the preparation of this
manuscript, specific models for some genes (e.g. BRCA1 ) did still not attain the minimum
requirements: BRCA1 in Breast Adenocarcinoma only attains 7 observed mutations com-
patible with high excess that can be effectively used for training, thus an insufficient number
to yield the 30 mutations required for the training sets. This precludes any comparisons
until new somatic mutation data is available for training.

3.3.8 In silico functional scores

We run CHASMplus with the following 15 tumor type specific models according to the TCGA
ontology: Bladder urothelial carcinoma, Cervical squamous cell carcinoma and endocervical
adenocarcinoma, Colorectal adenocarcinoma, Esophageal carcinoma, Gliobastoma, Acute
myeloid leukemia, Liver hepatocellular carcinoma, Lung adenocarcinoma, Lung squamous
cell carcinoma, Ovarian serous cystadenocarcinoma, Pancreatic adenocarcinoma, Prostate

20



adenocarcinoma, Skin cutaneous melanoma, Thyroid carcinoma, Uterine corpus endometrial
carcinoma [29].

CHASMplus scores missense mutations observed in pan-cancer and significantly mutated
driver genes via a supervised learning approach employing a set of 95 features. CHASMplus
generates models encompassing all cancer genes on a tissue specific basis. For each of the 185
gene-tumor type pair good quality models, we mapped the canonical transcript specific scores
of CHASMplus onto the test mutations. Note that CHASMplus scores might in principle
reflect the features of the test mutations employed in our testing setting, as they were not
explicitly removed from its training set, which might bear overestimation of the method’s
performance.

We also downloaded from dbNSFP repository (version 4.1, [30]) the precomputed scores for
the following methods. Herein we briefly summarize the scope of each method:

CADD [31] tool for scoring the deleteriousness of SNVs in the human genome, based on
the distinction between simulated de novo variants and polymorphisms that have arisen and
become fixed in human populations since the split between humans and chimpanzees.

SIFT and SIFT4G [32, 33] are related tools for scoring deleteriousness of missense amino
acid substitutions based on the position and type of the amino acid change. From protein
alignment information, SIFT calculates the probability that an amino acid at a position is
tolerated, conditioning on the most frequent amino acid being tolerated.

Polyphen-2 (HDIV and HVAR) [34] predicts the stability and functional impact of amino
acid substitutions in human proteins by exploiting structural and comparative evolutionary
information.

FATHMM [35] predicts the potentially deleteriousness of amino acid substitutions using a
Hidden Markov Model-based probabilistic approach.

VEST4 [36] prioritizes likely pathogenic missense variants with a supervised learning based
on the distinction between curated disease mutations and high allele frequency putatively
neutral missense variants.

MutationAssessor [37] introduces a functional impact score for amino acid substitutions by
exploiting evolutionary conservation patterns. These patterns are derived from aligned fam-
ilies and subfamilies of sequence homologs within and between species using a combinatorial
entropy formalism.

3.4 Classification of curated pathogenic variants

We also used boostDM models to classify somatic pathogenic and germline benign somatic
variants collected across the literature by ClinVar [38], a database that annotates human
variation with phenotypic consequence. Although these mutations are biased towards those
that have been observed more recurrently, and their annotation as oncogenic do not necessar-
ily need to be maintained across tumor types, we use them as a further exercise of validation
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of boostDM models.

For each mutation in these dataset, boostDM predictions were cast using all the tumor type
models corresponding to genes where a sufficiently high quality gene-tumor type models was
available. We measured the precision, recall and F50 based on the ability of boostDM to
correctly separate somatic pathogenic (ClinVar terms pathogenic and likely pathogenic) from
germline benign (ClinVar terms benign and likely benings) variants.

3.5 Enrichment in low-frequency polymorphisms

We reasoned that applying boostDM models to germline variants detected across human
populations should identify potential driver mutations depleted for frequent variants, since
these have passed purifying selection. We downloaded all SNPs from gnomAD (release
2.1.1, [39]) and mapped them to genes with boostDM good quality model. We computed the
driver/passenger boostDM class. We tested the association between boostDM class (response)
against the log allele frequency of the SNPs with a logistic regression. For each gene-tumor
type with mapped SNPs we computed the p-value and effect size (log-odds-ratio) representing
the propensity of lower frequency values being more enriched in potential driver mutations
according to boostDM.

We report an overall propensity for lower frequency SNPs to be potential drivers according
to boostDM, although only few gene-tumor type pairs show a significant association (Fig.
S2c).
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4 Growth outlook of boostDM

To assess the sensitivity of the modelling to the number of input mutations and illustrate
the growth outlook of the framework, we conducted a sequence of runs of the pipeline on
subsamples of the total input dataset.

We consider a grid of uniform random subsets (without replacement) of the driver muta-
tion instances at levels from 95% through to 5%, with 5% steps, drawn from each cohort
independently. For each subsampled dataset, all the models are re-trained, which yields a
new cross-validation performance for each gene-tumor type combination. Moreover, since all
models we also obtain a SHAP explanation model, we compute for each a feature complexity
index, representing the compressibility of the feature explanations applicable to predicted
drivers (see Online Methods). The results for TP53 (Lung adenocarcinoma), PTEN (En-
dometrial cancer) and VHL (Renal clear cell carcinoma) are presented in Fig. S2a.

This experiment shows how the models representing each gene-tumor type combination can
behave when the number of available mutations for training is randomly reduced (the results
of three examples of this sub-sampling process are presented in Fig. S2b). First, the exper-
iments demonstrate that in general for gene-tumor type combinations with high mutational
discovery index, a small reduction of the mutations available for training does not result in a
significant decrease of the performance of the models. Second, when the mutations available
for training fall below 50%, the performance might experience a significant reduction. More-
over, this reduction in performance is generally accompanied by a decrease in terms of the
feature complexity of the resulting models. In other words, the subsampling models cease
to encapsulate the feature combination that defines driver mutations in the full model.

For simplicity the downsampling models were all trained with the same set of features yielded
by the complete mutational dataset of IntOGen. More dramatic fluctuations in performance
could arise upon reducing the primary source of mutations that IntOGen feeds on.

From these examples we can conclude that continued sequencing of underrepresented tumor
types will result in refining existing models and making new ones available, as the learning
performance improves and the mutations observed allow more complex rules.
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5 Derivation of the discovery index

For the sake of completeness, we provide justification for the exponential function used to
define the discovery index.

5.1 Urn model

Consider an urn containing N different mutations that can occur in some gene. Each muta-
tion has in addition one of two colors: driver or passenger. There are d driver and p passenger
mutations, hence N = p + d. If we sample n times with uniform probability and with re-
placement one mutation at a time from the urn, let’s denote E(n) the expected number of
driver mutations drawn at least one time. There are two trivial base cases: E(0) = 0 and
E(1) = d/N . For the general case n > 1 observe that we can use the following recurrence:

E(n) = E(n− 1) +
1

n
· (d− E(n− 1)) =

N − 1

N
· E(n− 1) +

d

N

i.e., the expectation at step n is the expectation at step n− 1 plus the probability to draw a
mutation that remained unobserved after step n− 1. Letting a = (N − 1)/N this recurrence
yields the following expression for E(n):

E(n) =
d

N
· 1− an

1− a
= d ·

[
1−

(
N − 1

N

)n]
Suppose that the probability δ to draw any particular driver is uniform across drivers, but
not necessarily equal to 1/N . We can build a similar recurrence:

E(n) = E(n− 1) + δ · (d− E(n− 1)) = (1− δ) · E(n− 1) + δ · d

Whence the following expression if we let a = 1− δ:

E(n) = δ · d · 1− an

1− a
= d · [1− (1− δ)n] .

For small δ, notice that the following approximation holds:

E(n) ≈ d · [1− exp(−δ · n)]

All in all, the previous expressions can be both put into exponential form:

E(n) ≈ d · [1− exp(β · n)]

where β is either log((N −1)/N) or log(1−d), depending on the case. This is the expression
we used to define an index measuring the extent to which more driver mutations are to
be discovered provided more sequenced tumors. Intuitively, d is the asymptotic value that
the function E(n) would take for n large, i.e., the total number of driver mutations to be
discovered in the Urn. Notice also that the smaller is β the faster the exponential term
approaches zero, i.e., the fewer samples are required to approach the asymptotic value.
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5.2 Refinements

The previous assumptions are too simplistic to match a real scenario, as probabilities of driver
mutations to be observed in a sequencing experiment are in general not uniform. However
our choice can be considered an acceptable approximation, as in most cases our exponential
form renders a good fit of the subsampling data, with no remarkable pathologies. Moreover,
in some cases the assumption, albeit simplistic, might match well with a group of dominant
drivers having comparable probabilities to establish during clonal expansion (which might
in some cases explain the overall goodness of fit).

It is worth mentioning that the related problem of estimating the probabilities to observe
instances of yet unobserved mutations given the observed ones has been tackled before, e.g.
an interesting solution based on Good-Turing statistics was proposed in [40]. We acknowledge
that a deeper understanding of the unobserved driver landscape may bear these techniques.
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Figure SN1: Comparison of the resulting models after running the pipeline
with the current vs. an alternative hyperparameter setup.
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Figure SN2: Main steps in the learning flow: generation of the pool of
training mutations (observed with high excess as positive set; randomized with
tri-nucleotide specific mutation rate of the cohort as negative set), splitting in
balanced train and test sets for training, cross-validation and early stopping,
and combination of base learners (boosted tree models) into a consensus model
by means of a forecast and explanation aggregator.
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Figure SN3: The learning curves for Training (blue) and Test (red) show
the cross-entropy for every training iteration for the 50 base classifiers that
make every model. Dashed vertical lines connect Train-Test pairs of points
arising from the same Split. Even though some classifiers attain the maximum
number of estimators, the Test performance improvement in these cases is rel-
atively weak. The panels show: (a) EGFR in Lung adenocarcinoma (LUAD);
(b) TP53 in Colorectal adenocarcinoma (COREAD); (c) PIK3CA in Breast
adenocarcinoma (BRCA); (d) CTNNB1 in Hepatic cancer (HC).
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Figure SN4: Distribution of the scores across mutations in a) TP53 (Kato
et al.) and b) PTEN (Mighell et al.) experimental saturation mutagenesis.
The dashed thresholds and arrows mark the set of mutations deemed positive
(driverness proxy) for concordance analysis against boostDM.
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