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Abstract
Motivation: Predicting cancer drug response requires a comprehensive assessment of many mutations present across a tumor genome. 
While current drug response models generally use a binary mutated/unmutated indicator for each gene, not all mutations in a gene 
are equivalent.
Results: Here, we construct and evaluate a series of predictive models based on leading methods for quantitative mutation scoring. Such meth
ods include VEST4 and CADD, which score the impact of a mutation on gene function, and CHASMplus, which scores the likelihood a mutation 
drives cancer. The resulting predictive models capture cellular responses to dabrafenib, which targets BRAF-V600 mutations, whereas models 
based on binary mutation status do not. Performance improvements generalize to other drugs, extending genetic indications for PIK3CA, 
ERBB2, EGFR, PARP1, and ABL1 inhibitors. Introducing quantitative mutation features in drug response models increases performance and 
mechanistic understanding.
Availability and implementation: Code and example datasets are available at https://github.com/pgwall/qms.

1 Introduction
A basic mode of precision oncology is to scan the tumor ge
nome for genetic alterations, typically activating mutations 
in oncogenes, that can be specifically recognized by tar
geted inhibitors. For example, dabrafenib competes with 
ATP for binding to the BRAF catalytic site and is thus 
indicated for BRAF V600þ melanoma (Maloney et al. 
2021). Similarly, EGFR L858R mutations activate EGFR 
signaling, indicating targeted inhibitors like osimertinib 
(Gijtenbeek et al. 2023); PIK3CA mutations indicate the 
use of inhibitors like alpelisib (Andr�e et al. 2019); and so 
on. While such targeted therapeutics have been transforma
tive, a substantial proportion of patients fail to respond de
spite having the supposed biomarkers of a successful 
response (Hu and Dignam 2019). This challenge of distin
guishing responders from non-responders extends to 
non-targeted chemotherapeutics, where a precise set of mo
lecular indications is often lacking.

Beyond activating mutations that are directly targeted, 
many predictive models have been recently introduced that 
integrate genetic alteration information across many, if not 
all, human genes (Fig. 1a; Supplementary Table S1) (Partin 
et al. 2023). The rationale for these expanded models is that 
genetic modulators of drug response can occur not only in 
the targeted protein, but also in proteins that physically or 
functionally interact with the target in the same or related 
molecular pathway. In expanding to mutational states of 
many genes, these models have generally not attempted to re
solve which individual nucleotides or amino acids are af
fected in each gene, or their functional effects. Rather, each 

gene is assigned either a 0 or 1 based on the absence or pres
ence of non-synonymous coding mutations (Fig. 1b). 
Combining mutation values across genes creates a genomic 
profile of a tumor, which multi-gene models use to 
predict tumor behaviors. Examples of approaches using 
this type of binary encoding include GraphDRP, DrugCell, 
and PNet, among others (Fig. 1a, all models listed in 
Supplementary Table S1). Some of these models pre-select 
particular types of mutations (e.g. DeepDEP, DeepDR: pres
ence/absence of any SNV/indel/splice site/nonsense) or those 
with prior functional associations, such as mutations to kinases 
only (DEERS), mutations already correlated with drug 
responses (QRF), or genes with high mutation frequency in 
cancer cell lines (DGSDRP).

While these approaches have shown promising successes, it 
remains that some gene mutations clearly impact a drug re
sponse more than others, and to varying degrees. The ques
tion then is how to generally assess the effects of mutations 
observed across a large set of genes/proteins, not just for the 
single protein specifically targeted by a drug. Relevant to this 
task is the growing collection of variant effect prediction 
algorithms, which estimate the likelihood of a genetic variant 
impacting its protein function (Horne and Shukla 2022) 
(Fig. 1c). These algorithms have not yet been widely used in 
drug response models, however, and when they have been it 
is only as a pre-filter to remove mutations with low expected 
effect (Koras et al. 2020).

Here, we evaluate the benefit of integrating variant effect 
prediction algorithms directly in drug response models. In the 
assessment that follows, we find that associating somatic 
mutations with predicted impact scores, which we refer to as 
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quantitative mutation scoring (QMS), not only increases the 
information of somatic mutation features (Fig. 1d) but 
enhances model accuracy and mechanistic interpretability. 
Moreover, multiple mutation scores can be combined to cre
ate a multi-dimensional representation of gene mutations, 
providing richer and more expressive information than is 

captured by any single QMS method. By analogy, if binary 
gene mutation states (0/1) are akin to a black-and-white pho
tograph (Fig. 1e, left), moving to QMS reveals a more nu
anced grayscale image (Fig. 1e, middle), while combining 
continuous values across multiple dimensions yields a full- 
color picture (Fig. 1e, right).

Figure 1. From all-or-nothing representations to scored mutations. (a) Previous models for drug response prediction (see also Supplementary Table S1) 
arranged beneath time of publication. Strategies for representing mutations organized by text color corresponding to those in panel (b). (b) Previous 
strategies for representing somatically mutated genes as an all-or-nothing mutation status indicator (mutated¼ 1, not mutated¼ 0), which treats all 
mutations as equal. Genes values are integrated to create a molecular gene profile of a tumor used in drug response prediction models. (c) Three variant 
prediction algorithms (CHASMplus, VEST4, CADD) are used to generate mutation-specific quantitative mutation scores (QMS) values for a variety of 
mutation types. QMS are continuous values [0,1) that predict how likely a particular mutation is to alter the function of a gene. In QMS profiles, mutated 
genes are represented by the QMS value corresponding to their mutation (One QMS), or as the set of QMS values from multiple QMS algorithms 
(Multiple QMS), with color scales representing larger (bright colors) or smaller (faded colors) values. (d) The information entropy (y-axis; Shannon entropy, 
log2 bits) of three strategies to represent mutations present in a drug response dataset (x-axis): Mutations represented as all-or-nothing gene mutation 
status (left, black); Mutations represented by continuous values of one QMS algorithm (middle, gray); Mutations represented by continuous values of 
three QMS algorithms (right, red). (e) Image of the Mona Lisa displayed as one-dimensional binary values (black and white, left), one-dimensional 
continuous values (grayscale, middle), or three-dimensional continuous values (RGB color, right).
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2 Materials and methods
2.1 Tumor cell line datasets
Datasets were compiled from GDSC (Yang et al. 2012) and 
CTRP (Rees et al. 2016), resulting in response data for 1,244 
cell lines and 26 anti-cancer agents. Drug response was 
reported as area under dose–response curve (AUDRC, con
tinuous values, 0¼ total cell death, 1¼ no effect, >1¼ cell 
growth). Repeated drug/cell tests were averaged. Cell line so
matic mutations were accessed from the Cancer Cell Line 
Encyclopedia (CCLE) DepMap portal (23Q1 release). A set 
of 702 genes was constructed from the union of genes con
tained within the FoundationOne CDx (Frampton et al. 
2013), Tempus xT (Beaubier et al. 2019), Project GENIE 
(Smyth et al. 2020), and PALOMA Trial (Lira et al. 2017) 
gene panels. Filtering by our panel genes and drug cell lines 
resulted in 61,284 somatic mutations used in this study.

2.2 Scoring mutations and gene features
Variant effect prediction algorithms were selected by their su
perior performance in five cancer benchmark tasks, as exam
ined in a previous study (Chen et al. 2020): (i) identifying 
pathogenic mutations clustered in 3D; (ii) identifying known 
cancer driver mutations; (iii) identifying mutations impacting 
TP53 kinase activity; (iv) identifying mutations driving 
in vitro cell growth; (v) identifying tumor-forming mutations 
in patient-derived xenograft models. From these data, we se
lected three high-performing algorithms that generate contin
uous value scores for somatic mutations: CHASMplus and 
VEST4 predict a continuous value 2 [0, 1) denoting the prob
ability a variant drives cancer or impacts protein function, re
spectively. CADD generates a value 2 [0, 99] denoting the 
likelihood a mutation is deleterious to protein function, 
which was normalized 2 [0, 0.99). Mutation scores were gen
erated with OpenCRAVAT (Pagel et al. 2020), an open- 
source variant annotation platform. Algorithms generated at 
least one score for 54,757 mutations (89.3% of somatic 
mutations). Tumor cell lines were represented as a collection 
of gene states, wherein each gene was described by a single 
value. Binary mutation features assigned unmutated genes a 0 
and genes with one or more somatic mutations a 1. QMS fea
tures assigned unmutated genes a 0 and genes with a somatic 
mutation the QMS value of its mutation (maximum QMS 
value if multiple mutations in a gene). A binary “not scored” 
feature was created for mutations not scored by any of the 
three QMS algorithms, which was concatenated to QMS in
put features during training.

2.3 Drug panel selection
Clinical indicators of drug responses were collected from 
OncoKB, a precision oncology database identifying drugs 
sensitive/resistant to specific genetic alterations based on 
varying levels of evidence. From these data, we identified a 
panel of 23 current cancer drugs having FDA-approved so
matic mutation biomarkers. Three additional non-targeted 
chemotherapeutic agents were included in our panel based on 
the availability of relevant clinical genomics datasets.

2.4 Neural network architecture and training
For each drug, we created models to compute the AUDRC of 
a tumor from the somatic mutation features of its genes. For 
tumor t, F(Xt) ¼ �yt, where F is the drug response model and 
�y is the predicted drug response (i.e. AUDRC). Xt is a matrix 

of gene features of size (702 genes × number of gene features) 
(binary mutations: 1 feature; 1, 2, or 3-QMS configurations: 
2, 3, or 4 features, respectively; i.e. QMS features þ the “not 
scored” feature). Each model was a feed-forward neural 
network with six layers, 1–6. Starting from layer 1, each layer 
contained 702�x, 512, 512, 2048, 36, and 4 neurons, respec
tively, where x is the number of input features. Layer 1 
neurons were partitioned by gene, such that each of the 702- 
panel genes was allocated x neurons. The activation states h 
of these gene embeddings were concatenated and passed for
ward to the next layer. The multidimensional activation state 
h for layer “a” was calculated by the transfer function T(xa) 
¼ Batchnorm(tanh(Linear(Dropout(xa)))) ¼ ha.

T maps the inputs xa 2 Rc ! Rd, where c is the number of 
input features and d is the number of layer neurons. Linear is 
a linear transformation parameterized by WTxaþ ba, with 
weight matrix W 2 Rc;d and bias vector b. Dropout is the 
dropout function, Batchnorm is the batch normalization 
function, and tanh is the hyperbolic tangent activation func
tion. We applied a linear transformation to the final layer 
(with four neurons) to predict �y.

Models were trained to minimize the mean squared error 
(MSE) of the real versus predicted AUDRC values (y versus 
�y, respectively), using the objective function: O ¼ MSE(y,�y) 
þ λ∥W∥2. The term on the right is the ‘2 norm penalty for 
network weights W parameterized by weight decay parame
ter λ. Models were trained using mini-batch stochastic gradi
ent descent with batch size¼ 32 and the AdamW optimizer. 
We used the Pytorch adjustable learning rate (torch.optim. 
ReduceLROnPlateau, starting at learning rate of 0.014) to 
reduce the learning rate by 80% every 10 epochs without 
validation set loss improvement. An early stop method 
terminated training if validation loss did not improve by at 
least ɛ¼ 1 × 10–4 after 20 epochs.

2.5 Control for overfitting
Model overfitting was controlled and assessed using several 
key measures. First, the model training procedure was built 
to incorporate multiple regularization methods, including 
early stop, dropout, and weight decay functions (see previous 
section). Second, model performance was assessed by nested 
cross validation, a conservative technique often used in 
machine learning to reliably evaluate the performance and 
generalizability of a model, especially when the dataset size is 
limited (Parvandeh et al. 2020). By apportioning samples 
(cell lines) into train/validate/test partitions, model optimiza
tion (fitting of parameters and hyperparameters) was fully 
insulated from the final performance assessment, which 
was conducted for tumor cell lines not seen previously during 
any earlier stage of model training or validation. Third, 
we observed that random shuffling of drug responses 
across cell lines broke model performance almost entirely 
(Supplementary Fig. S1), suggesting the models are not 
overfit. Finally, model generalizability was evaluated by the 
degree of transferability from cell lines to patient tumor biop
sies, as well as the transferability from drugs used during 
training to alternate drugs against the same targets (Fig. 4, 
Supplementary Fig. S2).

2.6 Computational complexity of model training
QMS models encode gene features with a square matrix O 
(jfeaturesj2). Roughly, the training complexity is [O 
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(jfeaturesj2�jgenesj) þ O(jgenesj�n1) þ Σn6¼1O(ni−1
�ni)] �

epochs, where i is the model layer and ni are the number of 
neurons of that layer. Models never exceed four input fea
tures (CHASMplus, VEST4, CADD, and the “not scored” bi
nary mutation features), so complexity is dominated by the 
deeper model layers. Each (1244 cell lines × 702 genes) 
PyTorch float tensor requires approximately 5 MB of 
memory. Concatenating multiple QMS arrays into a single 
tensor object further reduces the memory requirements per 
extra QMS feature. Additional computational details are 
provided (Supplementary Table S2). The time complexity of 
model training is not significantly affected by multi-QMS 
configurations.

2.7 Alternate models for predicting drug responses
QMS model predictions were compared against DrugCell 
(Kuenzi et al. 2020) and DeepCDR (Liu et al. 2020), two pre
viously published methods developed to predict responses of 
many tumor cell line drug pairs. These models were retrained 
by 5-fold cross-validation on the same cell line drug response 
dataset used to train QMS models, which ensures all models 
have observed the drugs of our drug panel during training. 
Test sets consisted of held-out cell lines.

2.8 Interpretation and importance scores
Models were interpreted by gradient analysis. Gradients 
quantify the influence of a model feature on the final predic
tion; measuring the size of the gradient can be considered as 
the importance of the feature. For any model feature f in our 
network, we defined the gradient as the change in model pre
diction �y with respect to the feature f. Thus, Gf ¼ @�y=@f and 
was calculated via chain rule and accessed using the torch. 
Tensor.register_hook() method. The importance of each 
model feature was calculated by the ‘2 norm of the feature 
gradients. Importance scores were averaged across nested 
cross validation models (test set predictions; unseen tumors).

2.9 Predicting sensitivity to BRAF inhibitors in 
cutaneous melanoma
A clinical genomics dataset relevant to a cutaneous mela
noma cohort (Van Allen et al. 2014) was accessed from 
cBioPortal (Cerami et al. 2012) (39 patients; largest publicly 
available BRAF inhibitor dataset). Patients were treated with 
either dabrafenib or vemurafenib (35/39 BRAF V600E/Kþ, 
28/39 treated with vemurafenib, 11/39 treated with dabrafe
nib), and outcomes were recorded as RECIST classes: Partial 
response (PR); Stable disease (SD); Progressive disease (PD). 
Patients exhibiting partial response were considered sensitive 
to BRAF inhibition, and patients exhibiting stable/progressive 
disease were considered resistant. Because the drugs have 
similar molecular mechanisms (Haling et al. 2014), all 
samples were used to predict responses regardless of BRAF 
inhibitor. Somatic mutations were limited to those present in 
our gene panel and were evaluated by QMS methods 
(CHASMplus, VEST4, CADD). Somatic mutation profiles 
were constructed for each QMS model as well as for the bi
nary mutation models. Models previously trained on dabrafe
nib cell-line data were used to predict drug responses (Fig. 2a; 
multi-QMS and binary models). Responses and importance 
scores were averaged from the five nested cross validation 
models for each input configuration. Prediction performance 
was assessed by F1 score and precision–recall statistics. As 
model predictions were AUDRC values, patients were labeled 

as responsive if the predicted values were in the bottom 20th 
percentile of AUDRC over tumor cell lines. Otherwise, 
patients were labeled as non-responsive.

2.10 Predicting sensitivity to EGFR inhibitors in 
lung cancer
A clinical genomics dataset relevant to non-small cell lung 
cancer (Choudhury et al. 2023) was accessed from cBioPortal 
(Cerami et al. 2012). Data were extracted for patients treated 
with osimertinib (n¼215) and included patient outcomes 
(overall survival, months) and exome somatic mutations 
from pre-treatment tumor biopsies. Somatic mutations were 
limited to those present in our gene panel, and mutation pro
files were constructed for each QMS model (CHASMplus, 
VEST4, CADD, and a binary “not scored” feature set) as 
well as for binary mutation models. Models trained on cell- 
line osimertinib data (Fig. 2c) were used to predict patient 
responses. Patients were labeled as responsive or non- 
responsive as for cutaneous melanoma (above section). 
Stratification performance was assessed by hazard ratio and 
C-index (calculated by the Python library “Lifelines”).

3 Results
3.1 Tumor cell drug responses and 
mutation scoring
We accessed drug treatment data for 26 chemical agents mea
sured across each of 1,244 tumor cell lines (Section 2). Each 
tumor cell drug response was summarized as the AUDRC. 
Exome-wide somatic mutations were accessed for each cell 
line, focusing on alterations in 702 genes commonly screened 
in clinical gene panels (Section 2). These somatic mutations 
were scored by three leading QMS algorithms: CHASMplus, 
a cancer-specific algorithm that assigns the likelihood a muta
tion drives cancer (Tokheim and Karchin 2019); VEST4, an 
algorithm predicting the likelihood a mutation alters protein 
function (Carter et al. 2013); and CADD, a complementary 
algorithm predicting altered protein function (Rentzsch et al. 
2021). Given this information, cell lines were represented as 
a profile of gene mutation states, with each gene represented 
by the maximum QMS score of its (possibly multiple) so
matic mutations. Scores from each algorithm were either 
treated separately, resulting in one score per gene (single- 
QMS), or using scores for multiple algorithms concatenated 
together (multi-QMS). For comparative benchmarking, a 
third representation was constructed in which QMS values 
were replaced by binary (0/1) mutation indicators for each 
gene (binary values).

3.2 Improved accuracy of QMS models over binary 
gene mutations
An instructive test case for QMS prediction is the response of 
tumor cells to dabrafenib, a small molecule designed to 
specifically target V600X activating mutations in the 
BRAF kinase (X denotes any amino acid change). BRAF 
V600X mutations specifically elicit dabrafenib sensitivity, 
whereas other BRAF mutations generally do not (Maloney 
et al. 2021). Notably, all three QMS algorithms scored 
BRAF V600X mutations as particularly deleterious 
(CHASMplus¼0.996, VEST4¼0.946, and CADD¼0.289 
representing 99th, 91st, and 87th percentiles of all mutation 
scores across cell lines). A key question then was whether 
drug response models based on these QMS features would 
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recognize the V600X alteration as informative for prediction, 
or if these models would instead give preferential attention to 
mutation scores for the many other genes provided as input.

Accordingly, we constructed a series of deep neural net
work models that use gene mutation features (single-QMS, 
multi-QMS, or binary values; see previous section) to predict 
the response of each tumor cell line to dabrafenib treatment 
(Fig. 2a). To guard against data leakage and overfitting, mod
els were trained and tested using a rigorous nested 5-fold 
cross validation procedure, in which the collection of cell 
lines is partitioned into 70%/15%/15% splits for training, 
validation, and test phases (Section 2). Performance was esti
mated on the held-out lines using Pearson correlation. 
Analyzing these results, we found that use of the single 
CHASMplus feature for each gene significantly outperformed 
use of binary mutations (Fig. 2a) and yielded essentially the 
same performance as directly encoding knowledge of the 
BRAF V600X indicator. Combining multiple mutation scores 
(multi-QMS model) showed a further increase in perfor
mance above all other models, although this effect was not 
significant.

We further expanded our assessment to models con
structed for each of 26 precision oncology therapies (Section 
2). We found that at least one of the single-QMS models out
performed binary mutations for all 26 drugs (Fig. 2b). 
Multi-QMS configurations outperformed the binary model 
in 25/26 cases, and they usually, but not always, outper
formed single-QMS configurations (20/26 drugs). One ex
ample of this was trametinib, a selective inhibitor of MEK1 
downstream of BRAF. In this case, single QMS models per
formed nearly equivalently to knowledge of BRAF V600X 
(Fig. 2c), as did binary mutations. However, combining mul
tiple QMS significantly improved performance over all other 
models (Fig. 2c).

3.3 QMS models extend canonical biomarkers with 
additional mutations
To provide further insight into the dabrafenib drug response 
models, we next benchmarked their various feature sets 
against the BRAF V600X marker using precision–recall sta
tistics. For this purpose, the collection of tumor cell lines was 
equally divided into dabrafenib-sensitive versus resistant 

Figure 2. Evaluation of alternative feature sets in predicting tumor drug responses. (a) Pearson correlation of model predictions versus measured 
responses to dabrafenib (y-axis), with six alternative feature sets (x-axis) ordered by increasing predictive performance. Feature sets from left-to-right 
include binary mutation status of clinical panel genes (unmutated¼ 0; any mutation in coding sequence¼ 1); continuous mutation scores of these genes 
using each of the three mutation scoring algorithms (CADD, VEST4, CHASMplus); binary mutation status of the BRAF 600 amino-acid residue only (V¼ 0; 
other¼1); and a combination of all three scored features. Test set predictions are from 5-fold nested cross validation runs with 70%/15%/15% (train/ 
validation/test) splits. Error bars show 95% confidence intervals. �P< .05 by Fisher’s r-to-z transform. NS ¼ not significant. (b) As for (a), showing 
average Pearson correlation of model predictions versus actual drug responses (y-axis) across a panel of 23 targeted precision oncology inhibitors and 
three chemotherapies (x-axis) using various feature set configurations (larger red circle ¼multi-QMS model, blue asterisk ¼ CHASMplus, blue plus sign 
¼ VEST4, blue triangle ¼ CADD, smaller green circle ¼ binary mutations). (c) As for (a), but predicting cell line responses to trametinib, a MEK inhibitor 
also indicated for use by the presence of BRAF V600X mutations.
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classes, depending on whether the AUDRC was in the top 
20% of most sensitive or resistant responses (Section 2). In 
this configuration, we saw that the BRAF V600X marker 
was very precise in predicting dabrafenib sensitivity (pre
cision¼95%) with moderate recall of these sensitive samples 
(recall¼ 35%; Fig. 3a). We then examined the quantitative 
output of the multi-QMS model, which we also thresholded 
to sort tumor cell lines into predicted sensitive versus resistant 
classes; varying this sensitivity threshold traced a precision– 
recall curve (Fig. 3a, Section 2). From this curve, we noted 
that the multi-QMS model was able to maintain the precision 
of the BRAF V600X marker (95%) while substantially 
extending the recall of sensitive samples (from 35% to 53%). 
These results implied that QMS not only captures the effects 
of BRAF V600X but also other mutation features predictive 
of dabrafenib sensitivity.

To identify these other important features, we interpreted 
the multi-QMS dabrafenib neural network using a gradient- 
based methodology (Section 2) in combination with Sankey 
diagrams, which help visualize the flow of information 
through a network (Fig. 3b). QMS features of the BRAF 
gene ranked as the most important, primarily driven by 
BRAF CHASMplus and BRAF CADD scores. The second- 
most important mutated gene was BCL2, an anti-apoptosis 
factor that facilitates cell death during BRAF inhibition 
(Sullivan et al. 2018). Other top mutated genes TP53 (Wang 
et al. 2023), PIK3CA (Candido et al. 2022), MAPK1 (Long 
et al. 2014), and more, are known modulators of BRAF ac
tivity and dabrafenib response, many of which are under 
clinical investigation for potential adjuvant targeting strate
gies in combination with BRAF/MEK inhibition. While these 
factors had each been recognized in previous (mostly sepa
rate) studies, they had yet to be integrated within a single 

precision oncology model to yield accurate drug response 
predictions.

3.4 QMS models generalize to patient cohorts
Finally, we evaluated how well QMS models translate from 
tumor cell lines to patients. First, we examined a clinical 
study of 39 cutaneous melanoma patients treated with either 
dabrafenib or vemurafenib, another targeted inhibitor of on
cogenic BRAF V600X mutations (Van Allen et al. 2014) 
(Fig. 4a, Section 2). Treatment outcomes had been recorded 
using the RECIST classes of partial response (PR, reduction 
in tumor volume), stable disease (SD, no change in tumor vol
ume), or progressive disease (PD, increase in tumor volume). 
Patients with PR were considered sensitive to BRAF inhibi
tion, and patients with stable or progressive disease were 
considered resistant. Tumors were biopsied before treatment 
and subjected to whole-exome sequencing to call so
matic mutations.

Previously constructed dabrafenib predictive models 
(Fig. 2a) were benchmarked against patient outcomes by F1 
score (Fig. 4b, Section 2) and precision–recall statistics 
(Fig. 4c, Section 2). Multi-QMS mutations were more predic
tive of patient responses than binary mutations, as we had 
observed earlier for tumor cell lines (Fig. 2b). Notably, dabra
fenib QMS models extended to predicting outcomes of 
patients treated with vemurafenib (Fig. 4b). In contrast to cell 
lines, the BRAF V600X marker had very low precision as it 
was found in nearly all (35/39) patients. These results implied 
that the better performance of the QMS models was due to 
other features. In particular, gradient-based interpretation of 
the QMS models showed that, beyond BRAF, high impor
tance was assigned to TP53, PTEN, and SOX9, similar to our 
previous findings in cell lines (Fig. 3b), as well as to TAF1 

Figure 3. Scored mutations capture and extend gene alterations predictive of dabrafenib sensitivity. (a) Precision–recall curves as an assessment of 
model performance in identifying unseen tumor genotypes sensitive to dabrafenib, highlighting two feature sets: binary mutations (green) and multi- 
QMS scored mutations (red). Area under precision–recall curve in parentheses. Precision/recall of BRAF V600X biomarker denoted by (mutation present 
in 50 out of 715 test set cell lines). Recall values of BRAF V600X (vertical black dashed line) and the multi-QMS model (vertical red dashed line) are 
indicated, thresholded at the same 95% precision value (horizontal black dashed lines). (b) Sankey diagram illustrating how groups of QMS features (left: 
CHASMplus, VEST4, CADD) affect genes (right) embedded in a dabrafenib neural network model. Groups of features within each layer are represented 
by vertical rectangles, with height reflective of importance in model predictions. The thickness of the band connecting features denotes influence in 
model predictions (Section 2). Important but less influential genes are binned together and represented as the residual box (gray). Mutations identified by 
the model as predictive of dabrafenib response are shown (far left) next to the QMS method the model used to identify the mutation (mutations are 
repeated if the mutation was recognized by multiple QMS methods). Image generated by Plotly (version 5.13).
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and PTPN11, which have been implicated in dabrafenib sen
sitivity (Wang et al. 2014, Harigai et al. 2022). Thus, the 
QMS model generalized to predictions of patient outcomes, 
as well as to drugs with similar molecular mechanisms.

Generalizability was further assessed on a cohort of non- 
small cell lung cancer patients who received the EGFR inhibi
tor osimertinib (215 patients; Supplementary Fig. S2a). 
Exome sequences of tumor biopsies were obtained prior to 
treatment, and outcomes were recorded as overall survival 
(months; Section 2). We found that overall survival was sig
nificantly longer in patients predicted as responsive to osi
mertinib by cell-line QMS models than in patients predicted 
as non-responsive (Supplementary Fig. S2b, Section 2; Cox 
proportional hazards test; �P< .05). Notably, while binary 
models successfully partitioned patient responses, actual pa
tient outcomes were the inverse of what these models had 
predicted (Supplementary Fig. S2c). Thus, binary models rec
ognized the importance of mutations but could not decipher 

their effects, whereas QMS models identified features useful 
for predicting sensitivity/resistance (C-index scores 0.56 ver
sus 0.42, QMS versus binary).

4 Discussion
Here we have explored the utility of QMS, a class of 
approaches for representing genetic mutations in drug re
sponse models. Contrasting with previous models, which 
generally do not differentiate individual mutations, we evalu
ated each of three variant effect prediction algorithms: 
CADD and VEST4, which assess the likelihood of a mutation 
altering normal gene function, and CHASMplus, which eval
uates the potential to drive cancer. First, we evaluated 
whether these QMS approaches distinguish mutations known 
to affect drug response, using the test case of dabrafenib—a 
targeted BRAF inhibitor that disproportionately kills tumors 
with BRAF V600X substitutions. QMS captured the effects 

Figure 4. Stratification of clinical cohort and genetic markers that affect dabrafenib sensitivity or resistance. (a) Tumor biopsies of skin cutaneous 
melanoma (n¼ 39 patients; 28 treated with vemurafenib, 11 treated with dabrafenib) were sequenced prior to monotherapy with a BRAF inhibitor 
(vemurafenib or dabrafenib). Patient outcomes were recorded according to RECIST criteria. Tumor somatic mutations were used to predict drug 
responses in models trained from cell line data (same dabrafenib models highlighted in Fig. 2a). (b) Performance of BRAF inhibitor response prediction by 
using F1 score (reports the average of precision and recall), assessed on all patients (left), patients who received dabrafenib (middle), or patients who 
received vemurafenib (right). (c) Performance of BRAF inhibitor response prediction using precision–recall curves. Similar to Fig. 3a, with additional 
genetic markers indicating sensitivity to BRAF inhibition in the melanoma cohort. Solid black circle: BRAF V600X mutations with mutations in TAF1 or 
PTPN11. Plus sign: BRAF V600X mutations with wildtype PTEN, TP53, and SOX9. (d) Similar to Fig. 3b, showing the flow of genetic information between 
input features and genes embedded in the dabrafenib model.
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of BRAF V600X mutations on dabrafenib sensitivity, 
whereas binary (yes/no) mutations did not. Expanding the 
analysis to evaluate models for 25 additional precision oncol
ogy drugs and chemotherapies revealed that QMS consis
tently outperformed binary mutation representations across 
drug responses. These models used QMS values to identify 
functionally significant mutations, pinpoint genes critical to 
drug response mechanisms, and uncover genetic indicators of 
drug responses beyond established biomarkers. QMS models 
generalized from tumor cell lines to melanoma patients 
treated with BRAF inhibitors, where these models not only 
outperformed binary mutations but also identified key molec
ular factors influencing BRAF inhibition.

In some cases, one QMS method was enough to capture 
functional variants, such as CHASMplus alone being suffi
cient to highlight BRAF V600X mutations (Figs 2a and 3b). 
In other cases, combining scores from multiple algorithms 
allowed models to find predictive features not available in 
single-QMS configurations (e.g. multi-QMS trametinib and 
dabrafenib models; Figs 2a, 2c and 3b). On the other hand, 
algorithms that generate redundant annotations can inflate 
computational requirements and increase the likelihood of 
overfitting. Ideally, multi-QMS configurations should cap
ture orthogonal, complementary, and biologically relevant 
information.

The models explored here implement a two-phase ap
proach: Individual amino acid changes are scored in a first 
phase, after which these scores are provided to a second 
modeling phase to predict response. One wonders whether 
better performance might be achieved by a model that di
rectly translates amino acid changes into a prediction of tu
mor drug response. While such an approach should be 
investigated, tumors exhibit an enormous number of rare 
mutations; inferring the effects of each on drug responses 
may require a prohibitive number of observations. A two- 
phase approach, using QMS as an intermediate interpreter of 
amino acid changes, may help distinguish mutations with less 
training data. On the other hand, QMS does not consider 
drug-related effects and thus may not sufficiently resolve 
certain impactful mutations. Choosing a one versus two- 
phase approach will also depend on computational 
resources. During training, QMS algorithms evaluate dozens 
of atomic, molecular, and biological features for each muta
tion (CHASMplus¼95 features, VEST4¼86 features, 
CADD¼63 features). Two-stage models benefit from scores 
that reflect these features, without including the features 
themselves during training.

While QMS features generally increased model perfor
mance, for some drugs, additional biological mechanisms 
likely influence drug responses in ways not captured by either 
binary or QMS mutations (Fig. 2b). For example, our models 
did not consider the effects of genes with multiple mutations, 
which might be evaluated by assigning genes with multiple 
mutations a 1 (and 0 otherwise), or simply representing a 
gene with the number of its mutations. Indeed, other binary 
strategies are certainly possible, such as assigning genes a 1 
for mutations that score above/below some threshold. These 
models also do not consider structural variants, which signifi
cantly impact drugs like ponatinib (also indicated by BCR- 
ABL1 fusions) (Luciano et al. 2020). Expanding the gene set 
to include additional classes of molecular biomarkers is of 
immediate interest moving forward.

Patient outcomes are recorded with categorical (e.g. 
RECIST classes) and continuous value (e.g. overall survival) 
criteria, but drug response models are typically trained on 
large pre-clinical cancer drug screens that measure a killing 
effect (e.g. AUDRC). Tumor killing may not extend to longi
tudinal measures of sustained patient responses. Models aim
ing for translational applications might consider reconciling 
model predictions with relevant clinical outcomes. This 
analysis attempted to convert the AUDRC values predicted 
for patients into a label denoting the patient was likely/un
likely to respond to therapy. These cutoffs succeeded at strati
fying patients, but additional readouts describing how 
confident a model is in its decision would be very useful.

Transitioning from binary to scored mutations not only 
resolved BRAF V600X from other BRAF mutations, but 
found additional mutations highly predictive of dabrafenib 
responses in both cell lines and melanoma patients (Figs 3a, 
3b, 4b, 4c). One additional notable marker of sensitivity was 
mutations of BCL2, a regulator of responses to drugs target
ing MEK/ERK and PARP pathways in multiple tissue sub
types (Valentini et al. 2023). BCL2 inhibitors increase 
sensitivity to BRAF/MEK inhibition in tumors without BRAF 
V600X mutations (Mukherjee et al. 2020), suggesting BCL2 
mutations might provide a biomarker of successful BRAF/ 
MEK inhibition in patients lacking a BRAF V600X mutation.

In summary, we have evaluated the benefit of encoding 
somatic mutations by quantitative values in drug response 
models, without requiring these models to evaluate gene 
sequences directly. An individual mutation can assume many 
different values, making it possible to recognize particular 
variants by the magnitude of their effects on a gene. In this 
way, QMS compresses an altered gene sequence to a single 
continuous value, which is sufficiently expressive to capture 
the mutation-specific molecular state of the gene. By incorpo
rating QMS values, cancer drug response models can inte
grate the molecular states of many genes, identify relevant 
mutations, and make better predictions.
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