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ABSTRACT

Clinical and genomic real-world data (RWD) in oncology can offer valuable

insights about patient outcomes and cancer biology, but challenges such as

unstructured data fields and incomplete genomic annotations hinder their

potential use. In this study, we developed and evaluated methods to address two

main challenges in oncology RWD: unstructured clinical information and genomic

variant interpretation.

Clinical data from electronic health records include rich information about

disease and treatment; however, information about therapy outside of the host

institution is only available in free-text initial consult notes, requiring manual

curation to be usable in research. To overcome this bottleneck, we trained and

validated natural language processing models using initial consult notes to

identify whether patients had received treatment at external institutions and

studied the impact of these putative treatments on tumor genomics. When

deployed on 48,447 patients at Memorial Sloan Kettering Cancer Center, the

model predicted 25% of patients to have received prior external treatment.

Patients predicted to have received external treatment, similar to known

pre-treated patients, had higher frequencies of resistance mutations and worse

overall survival compared to treatment-naïve patients.

Genomics data is another frequently collected data modality in oncology.

Identifying cancer driver mutations from sequencing data, however, is

challenging, with 80% of somatic missense mutations labeled as variants of

unknown significance (VUSs) in the multi-institutional pan-cancer AACR GENIE
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cohort consisting of ~180,000 tumors. We explored the potential of 11

computational variant effect predictors (VEPs) in improving the identification of

potential oncogenic variants. AlphaMissense, a deep-learning method based on

the protein structure prediction tool AlphaFold2 and trained without

human-curated labels, emerged as most accurate in annotating known

oncogenic variants. Validation in two cohorts of non-small cell lung cancer

patients showed associations between reclassified pathogenic VUSs in KEAP1

and SMARCA4 and worse overall survival. Reclassified pathogenic VUSs also

occurred preferentially in binding sites and were mutually exclusive with known

driver mutations in RTK/RAS and NRF2 pathways, further suggesting biological

validity.

Taken together, this work demonstrates that machine learning methods

can mitigate the challenges associated with RWD in oncology by enabling

automatic abstraction of clinical variables stored in unstructured format and

broadening the subset of annotated pathogenic variants in cancer, thus allowing

RWD to be used more efficiently in studying tumor biology and patient outcomes.
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CHAPTER 1

INTRODUCTION

Patient data are routinely collected as part of clinical care, resulting in rich

sources of real-world data (RWD). RWD comprises clinical data from electronic

health records (EHR), insurance claims and registry data, and may include

information about demographics, diagnosis, treatment, outcomes and more

depending on the source1. In oncology, besides clinical data, multiple large-scale

genomic datasets from real-world cohorts have also been collected as a result of

routine sequencing to facilitate precision medicine2–4. Here, we provide an

overview of RWD usage as well as its strength and limitations in oncology

research, first focusing on clinical data, followed by genomic data.

1.1. Real-world clinical data in cancer

Real-world clinical data, with its ongoing collection on a population scale,

is frequently more extensive and temporally complex compared to randomized

controlled trials (RCTs). Therefore, they can supplement RCTs, contributing to

the comprehensive study of drug efficacy and increasingly included as evidence

in submissions for regulatory approvals of agents5.

Long-term drug safety profiles, overall survival and other endpoints of

interest are not fully characterized during RCTs due to the limited length and

prohibitive cost of these trials, but can easily be studied using RWD6,7. The Food

and Drug Administration (FDA) relies on real-world evidence (RWE) generated

from RWD for postmarket safety monitoring and reporting through the Sentinel

Initiative, which can result in label changes or withdrawal of agents if risks of
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adverse events outweigh clinical benefits8. For example, gemtuzumab

ozogamicin, a humanized anti-CD33 monoclonal antibody approved to treat

relapsed acute myeloid leukemia, was assigned a black-box label after a year on

the market because of evidences showing increased hepatic veno-occlusive

disease in patients5,9,10. Finally, real-word evidence (RWE) generated from RWD

can also support label expansion and off-label usage of approved FDA drugs11.

Palbociclib, a CDK4/6 inhibitor approved to treat metastatic breast cancer in

women, was approved as a treatment of men with breast cancer in 2019 based

on the review of EHR and insurance claims data12. Finally, RWD allows for

clinical efficacy studies of treatment in larger and more diverse populations, as

participants enrolled in RCTs often need to meet certain demographics and

clinical criteria such as age and performance status that may not be

representative of the population13,14.

Beyond its use in drug efficacy evaluation, RWD has empowered studies

that shed light on cancer biology, epidemiology and social determinants of cancer

outcomes. Together with genomic data, clinical RWD provide feature-rich training

data and enable the development of multi-modal risk stratification/outcome

prediction models that outperform traditional single-marker models and highlight

novel prognostic factors15,16. National cancer registries such as the U.S.

Surveillance, Epidemiology, and End Results (SEER) Program17 empower

systematic investigations into disparities in cancer outcomes, which helps

establish the association between socioeconomic factors and poor prognosis for

2
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patients with cancer, potentially due to later stage at diagnosis, environmental

exposure, as well as poor access to healthcare, treatment and screening18–20.

Challenges in analyses of RWD

Although RWD enables the cost-effective accumulation of a substantial

amount of data that can be used to answer many research questions as

discussed in the previous section, they are not specifically designed to support

research21,22. Consequently, various considerations emerge when utilizing RWD

to address research questions, especially those aiming to identify the causal

effects of an intervention or a certain feature on an outcome of interest23–25.

Firstly, RWD is not randomized. The randomization in RCTs is carried out

carefully to ensure both observable and unobservable confounders are balanced

and allow analyses to identify the true effect of an intervention of interest26–28.

Without randomization, observational RWD is subjected to effects of confounders

and biases, i.e. factors that are correlated to both the treatment received and the

outcome, thus obscuring the true causal effect27,29. For example, physical

comorbidity in cancer both reduces response to treatment and increases

mortality risk, making it an important confounder to account for in studies on

treatment efficacy30. Methods such as propensity score matching and inverse

probability of treatment weighting (IPTW) can alleviate confounding effects by

matching or weighting treated and untreated subjects based on a number of

observable characteristics to ensure that the “control” and “treatment” groups are

comparable29. These statistical methods, though powerful, are heavily affected by

the selection of variables to be adjusted for using propensity score weighting or

3
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matching29. Incomplete or unstructured data fields in RWD, thus, limit which

confounding variables can be accounted for. Another limitation is that propensity

score adjustment cannot account for unobservable baseline characteristics. For

more rigorous causal inference in highly skewed populations or in populations

with few available confounders to adjust for, quasi-experimental methods such as

difference-in-differences, which creates a pseudo-control group from an

untreated population and compares the difference in outcome before and after

treatment in the treated and untreated populations, are required31,32.

Difference-in-differences have been widely used in evaluating healthcare policies

as it can provide robust estimation of treatment effects using observational data,

but it requires multiple strong assumptions to be met and can be biased in

populations receiving treatment at different times33,34.

Secondly, RWD is incomplete and contains unstructured data fields35,36,

requiring laborious manual curation to be usable in downstream analyses. Efforts

such as AACR Project GENIE Biopharma Collaborative (GENIE BPC)37 have

been made to manually curate comprehensive clinical data elements, including

treatment histories, pathology, biomarkers and outcomes, for a small number of

patients, which results in feature-rich cohorts that lend themselves to diverse use

cases in oncology research38. However, the number of curated cases remains

small (less than 2,000) for all cancer types due to the high cost and unscalable

manual labor. The small cohort size, thus, limits the use of these datasets in

studying patient populations with rare clinical-genomic characteristics.

4
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Finally, RWD can suffer from lack of interoperability and traditional data

silos, which limit data integration across institutions and data modalities39. The

increasing number of commercial RWD products also leads to inconsistencies in

data structures and models, further hindering the integration of different

datasets40. Studies have begun to challenge these traditional siloes, for example

through the integration of tumor sequencing with antineoplastic data to uncover

genomic modifiers of treatment response13, or the integration of billing codes with

tumor sequencing to uncover genomic alterations associated with specific organ

sites of metastasis14.

Addressing unstructured fields in clinical RWD: Automated abstraction of features

from free-text reports

The large amount of information stored in free-text patient visit, radiology,

histopathology and procedural notes is an important hurdle to the use of RWD in

research41. Although abstraction of clinical variables from unstructured texts has

traditionally required laborious manual abstraction, natural language processing

(NLP) algorithms have allowed for automatic annotation of such features42,43. The

early use of NLP in analyzing EHR involves tasks such as name entity

recognition, e.g. medication names44, classification e.g. identifying mammogram

reports indicative of breast cancer45,46, information retrieval e.g. adverse drug

reactions47, among other use cases42,48. These tasks are commonly achieved

using three approaches: 1) rule-based methods, where a set of criteria such as

matching specific terms is used to classify texts; 2) machine learning models,

including logistic regression and random forest; and 3) deep learning models,

5
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such as recurrent neural networks and convolutional neural networks48,49.

Rule-based methods can be applied directly to unstructured texts, while machine

learning and deep learning models require that words in free texts are first

transformed into vectorial representations using different methods such as

word2vec50. All of these approaches have demonstrated reasonable performance

in their evaluated tasks, but have clear limitations. Rule-based approaches

require significant domain and database-specific knowledge51. Recurrent and

convolutional neural networks are computationally expensive to train and

struggle with long-term dependencies, i.e. related words separated by a

significant distance52. The fixed embeddings that serve as input to machine

learning and other deep learning models also cannot handle words that do not

previously exist in their vocabularies, as well as do not allow for the consideration

of the same word in different language contexts, thus limiting their utility in more

complex language tasks53.

More recently, transformer architectures54,55 have transformed the NLP

landscape. Compared to recurrent neural network models, transformers can

parallelize well, allowing it to be trained on large corpora of texts55–57.

Transformers’ positional encoding and self-attention mechanism allow these

models to consider the position of words in a sentence, create contextualized

representations of words and model longer-range relationships between words54.

After pre-training, transformers can be fine-tuned using labeled data to perform

specific language tasks. Transformers pre-trained on health record data56,58 have

shown promise at a number of medical tasks including predicting hospital

6
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readmission59, automated International Classification of Disease coding from

clinical notes60, answering health-related questions 61 and querying clinical

trials62.

In conclusion, the integration of clinical RWD in oncology research has

proven invaluable, providing extensive insights into drug efficacy and safety, as

well as enabling the development of predictive models and population-wide

studies of health disparities. Despite challenges such as non-randomization and

data incompleteness, innovative study designs and advanced statistical methods

can effectively address these issues. Additionally, ongoing efforts in NLP offer

promising solutions to automate the abstraction of key features from free-text

reports, further enhancing the utility of clinical RWD in advancing oncology

research.

1.2. Genomic data in cancer

Over their lifetime, somatic cells accumulate changes in their DNA through

point mutations, copy number variations such as insertions or deletions (indels),

and other structural variants such as fusions. Some of these changes can occur

in genes that confer growth advantage by altering a multitude of processes, from

sustained proliferative signaling to immune evasion, thus resulting in tumor

development63–65. These genetic drivers of cancer have been studied using

low-throughput approaches for decades66, leading to two first success stories in

identifying targetable mutations that respond to specific molecular inhibitors:

BCR-ABL fusions in chronic myeloid leukemia, targetable by imatinib67, and

EGFR mutations in lung cancer, targetable by gefitinib68. These success stories,
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along with the rapid development of high-throughput sequencing technologies,

pioneered the new era of precision oncology and large-scale cancer

genomics66,69. Since the first sequenced whole cancer genome70, large

multi-institutional efforts have been made to systematically characterize the

cancer genomes pan-cancer and in specific tumor types, aiming to

comprehensively identify cancer genes and alterations66,71,72. As more molecular

targeted therapies are developed and approved73, clinical sequencing to match

patients with the right treatment according to their genomic aberrations have also

become routine, giving rise to large genomic datasets of real-world patient

cohorts, such as MSK-IMPACT2 and AACR Project GENIE74. Along with this

impressive amount of data comes great challenges in detecting variants,

annotating their functions and identifying their mechanisms of oncogenicity,

including the pathways they affect, among others66,69. Here, we discuss the

challenges with variant interpretation in cancer.

Cancer driver vs. passenger mutations

One of the main goals and accomplishments of large-scale cancer

genomics projects is the systematic identification of genes involved in cancer

development, termed ‘cancer genes’. These cancer genes encompass three

broad categories: oncogenes, tumor suppressor genes, as well as genes

involved in signal transduction pathways, genome stability, chromatin

maintenance, transcription, metabolism among other processes64,66,75,76.

Oncogenes (OGs) are constitutively activated by gain-of-function alterations,

such as amplification and other activating mutations, to promote cell growth and
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survival, while tumor suppressor genes (TSGs) are inactivated by aberrations

such as missense/truncating mutations and deletions, resulting in unchecked cell

cycle progression and growth65. Over 300 cancer genes have been identified76.

The high mutation rate and genomic instability characteristic of cancer

cells give rise to a large number of mutations in these cancer genes as well as

across the genome77. However, only some of these mutations have been

causatively linked to neoplastic growth76. Mutations that confer fitness advantage

and can drive cells towards neoplasm are known as driver mutations, while the

rest of the observed mutations are termed passengers mutations.

Driver mutations are able to confer proliferative advantage and drive cells

to neoplasms. Driver mutations are recurring78,79 and positively selected for in

cancer80. They affect the clinical phenotypes, prognosis, and in many cancer

types, treatment responses. For example, among patients with non-small cell

lung cancer (NSCLC), those with KRAS driver mutations have worse prognosis

compared to those with EGFR drivers after adjustment for tumor stage81,82. In

NSCLC, certain drivers in EGFR, ALK, KRAS, RET, ROS1, BRAF and MET are

targetable, allowing patients carrying these drivers to benefit from treatment with

targeted therapy that can significantly improve survival83.

Despite the importance of driver mutations in cancer biology, a saturation

analysis suggests that the majority of mutations in cancer are passenger

mutations or variants of uncertain significance (VUSs)78. Even though passenger

mutations are assumed to be neutral, multiple evidences have suggested that

their roles in cancer are not fully understood84. For example, ‘latent’ or ‘mini’
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drivers are mutations that have neutral effects by themselves, but can drive

cancer progression and resistance when occurring in combination with other

mutations85,86. VUSs have been shown to accumulate in cancer genomes and

decrease fitness of cancer cells84,87. Passenger mutations observed in cancer

genomes have been predicted in silico to have more damaging effect on protein

function compared to known neutral mutations88. Beyond the potentially

accumulative damaging effect that all VUSs may have on cancer, a fraction of

VUSs may be un-annotated drivers with clinical and therapeutic implications.

Functional genomics characterization of 438 recurrent VUSs in 36 genes

detected in a real-world cancer cohort reclassified 97 VUSs (22%) as potentially

actionable89. Systematic efforts to characterize variants in BRCA1 and BRCA2

provided functional evidence that some VUSs disrupted protein function and thus

should be classified as pathogenic90–92. It is therefore of great interest to look into

the ‘dark matter’ of the cancer genomes in order to develop a more

comprehensive understanding of how genomic alterations influence cancer

biology.

Variant annotations in cancer

Even though systematic functional characterization of variants can

provide valuable information about the biological effect of variants, it is

labor-intensive and challenging, as appropriate functional assays and read-outs

may not be available for all genes90,91. Most experimental investigations of

variants, therefore, are limited to a few genes or variants and do not scale with

the increasing number of variants detected89,91,93. Therefore, multiple
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computational methods to predict variant effects have been proposed to bridge

this gap and help prioritize variants for functional validation94,95. In silico

annotation of variants is a challenging task due to the many ways that genetic

alterations may affect protein functions96. In cancer, the complexity of this task is

heightened by the variation in variants across different tumor contexts and the

need for biological knowledge to sift through predictions. Identifying rare cancer

drivers with biological and clinical validity amid potential spurious signals, which

are unavoidable given the amount of data and their inherent heterogeneity,

demands multifactorial analyses that integrate knowledge about mutational

patterns and functional effects, which goes beyond assessing statistical

significance69,97.

Databases of variant effects

Multiple databases and knowledge bases have been developed to

consolidate information about variants from experimental results, publications

and clinical guidelines. These databases serve as valuable resources for

researchers and clinicians, enabling them to access comprehensive and

up-to-date information on variants. Additionally, these databases play a crucial

role in fostering collaboration among the scientific community, promoting the

sharing of data and insights that contribute to a more comprehensive

understanding of genetic variation and its implications for human health.

ClinVar is a public repository of human variants as well as evidence for

their functional impacts and clinical significance98. Variants are submitted by

research groups, clinical research labs and expert panels worldwide. Multiple
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submissions for each variant are then aggregated and reviewed to provide a

consensus interpretation of clinical significance. As of January 2024, more than 2

millions unique variations with interpretation have been submitted, most of which

are germline variants98.

Due to the small number of somatic variants and lack of information about

clinical actionability in ClinVar, it is often less informative for clinical use in

oncology. Various oncology-specific knowledge bases, such as OncoKB99,

MyCancerGenome100, JAX Clinical Knowledgebase101 among others102, further

curate variants based on their functions in cancer and their actionability, i.e.

whether they can be targeted by existing therapies. OncoKB is an FDA-approved

precision oncology knowledge base that curates biological effects and clinical

implications of variants in cancer73,99. Variants are classified as oncogenic, likely

oncogenic, likely neutral or unknown according to manual review of public cancer

variant databases and clinical guidelines, as well as variant-specific evidence

such as recurrence status, in silico predictions and preclinical evidence from

peer-reviewed literature103. Oncogenic mutations are further assigned a level of

actionability depending on evidence for drug use in specific indications, ranging

from standard card biomarkers to FDA-approved drugs (Levels 1 and 2) to

investigational biomarkers with clinical and/or biological evidences supportive of

response to drugs (Levels 3A, 3B and 4). As of January 2024, more than 7,000

variants across 136 cancer types have been curated in OncoKB, with ~1,600

variants (~20%) associated with a level of actionability73. OncoKB’s rigorous

variant curation process and clinical expertise renders its variant classification
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highly accurate and specific; however, the manual effort required to curate each

variant results in a limited number of annotated variants in the knowledge base

as well as a reporting bias towards known, clinically actionable driver genes104.

Computational prediction of mutational effects

Multiple computational approaches exist to annotate variants, which help

bridge the large gaps between variant detection in cancer sequencing and

variant functional studies. One approach is to leverage the mutational patterns

and statistical properties of driver mutations, such as recurrence, to identify

mutations that follow these expected patterns. Cancer Hotspots79,105 identifies

mutational hotspots, which are residues mutated more frequently than would be

expected in the absence of selection and thus potentially associated with driver

activity in cancer, using a statistical model that incorporates gene-specific

background mutation rates. 3D Hotspots extends the idea of Cancer Hotspots by

identifying hotspot mutations that cluster together for proteins with available 3D

structures106. Mutational recurrence identified by algorithms such as Cancer

Hotspots is considered to be strong evidence supporting the oncogenicity of a

variant: for example, OncoKB considers all ‘hotspot’ mutations to be likely

oncogenic103. However, methods that rely on statistical properties of mutations

can miss out on rare driver mutations, which are less frequently detected in

sequencing samples and thus may not be able to achieve statistical significance.

Another approach to annotating mutations is to predict the function of

single variants using variant effect predictors (VEPs), which does not rely on the

statistical properties of a variant of interest and thus can annotate rare variants.
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Multiple VEPs have been developed to leverage information regarding

evolutionary conservation, protein structures and physical and chemical

properties of the original vs. substituted residues to predict whether a variant is

functionally damaging or benign95.

VEP approaches

VEPs’ approaches differ by the features that they incorporate in predicting

variant pathogenicity and the algorithm they use to predict pathogenicity from the

selected features. Each approach comes with its own strengths and drawbacks,

contributing to their varying performance when evaluated on the same

dataset94,95. Here, we provide a broad overview of available VEPs grouped by the

features and algorithms they use, as well as discuss the strengths and limitations

of these approaches.

VEPs leverage two complementary sets of features to infer variant effects:

evolutionary conservation and protein structure information96. Evolutionary

conservation can indicate functional significance, as highly conserved sites may

be crucial for protein function and more likely to cause damage when

mutated107,108. On the other hand, protein structure information and other

physicochemical properties are useful for understanding the structural context of

a modified amino acid. This helps identify variants that may induce significant

changes to the protein structure, potentially disrupting normal protein functions109.

Different VEPs model variant pathogenicity based on varying combinations of

features from these two primary feature types and assign varying weights to

them when more than one feature type is used. The difference in input features
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of these methods partially explains the differences in their predictions and

performance94,95,110.

The first group of methods considers mainly evolutionary conservation

information under the assumption that well-conserved sites are important for

protein functions; therefore, mutations occurring at these sites are likely to be

more pathogenic than those occurring in less well-conserved sites. These

methods, including SIFT108, MutationAssessor107, FATHMM111 and others, rely on

homologous sequence searching across species and multiple sequence

alignments (MSAs) to identify well-conserved sites. SIFT additionally considers

the type of amino acid change in predicting pathogenicity108. Beyond constructing

MSAs, MutationAssessor also groups sequences into protein families and

subfamilies to identify residues specific to protein families, thus adding a layer of

functional information to predict variant effects107. FATHMM uses hidden Markov

models to represent the alignment of homologous sequences and conserved

protein domains, and predicts the effect of a mutation on protein function by

examining changes in amino acid probabilities and weighting with with inherited

disease-specific or cancer-specific pathogenicity weights111,112. Besides homology

search and MSAs, a new generation of deep learning-based approaches such as

EVE113 uses a generative language model to learn the distribution of sequence

variation across species for each human protein and estimate the likelihood of a

particular variant using the learned distribution.

Few VEPs are based solely on protein structure information, as this

approach relies on, and is limited by, the availability of 3D protein structures.
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Within this category, methods focus on predicting variant effects based on

changes in protein folding stability114,115 and protein binding116. A more recent

approach to using protein information in predicting variant effects that does not

rely on 3D structures is deep protein language modeling, as seen in ESM1b117.

Protein language modeling uses language models, similar to those used to

analyze texts, to understand and analyze sequences of amino acids in

proteins118. These models learn from all known protein sequences, capturing

complex relationships between amino acids and helping to predict how changes

in the sequence might affect the protein's function and can incorporate existing

structural and functional knowledge117,118. Built on a large protein language model

trained on 250 million protein sequences119, ESM1b can predict variant

pathogenicity by comparing the likelihood of observing an alternate amino acid

with the likelihood of the actual amino acid in a sequence given its context and

assigning higher pathogenicity to amino acids with lower likelihood of being

observed117.

More commonly seen in VEPs is the integration of both evolution and

protein structure features in predicting variant effects. An early implementation of

this approach is PolyPhen2120, which combines structural features such as

surface area changes and crystallographic beta factor with evolution metrics

obtained from MSAs. More recent deep learning methods circumvent the

problem of crystal protein availability by training models to predict structural

features or folding from nucleotide or amino acid sequences. PrimateAI121 is a

deep learning model that uses an amino acid sequence flanking a variant and
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orthologous sequence alignments in other species to extract evolutionary

features as well as predict the protein’s secondary structure and solvent

accessibility, before incorporating all these elements into variant pathogenicity

prediction. AlphaMissense109 leverages the protein-folding prediction tool

AlphaFold2122 to predict variant effects. The architecture of AlphaMissense

involves pre-training an AlphaFold2 model to predict the folded structure of an

amino acid sequence, then fine-tuning the trained models on weakly-labeled

“pathogenic” (common variants found in human and primates) and “benign”

(simulated variants not seen in human and primates) variants to predict variant

pathogenicity109.

A final class of VEPs, empowered by machine learning models that can

learn from a large number of features and leveraging the increasing numbers of

VEPs, is ensemble methods, which incorporate predictions from other methods

to predict variant pathogenicity. Examples of methods in this class include

REVEL123, CADD124,125 and VARITY126. REVEL uses as input features predictions

from 13 different VEPs and conservation metrics, including evolution-based

methods, e.g. SIFT108 and MutationAssessor107, conservation scores, e.g.

phastCons127, as well as two homology-and-structure-based methods,

PolyPhen2120 and MutPred128. Similarly, CADD also incorporates predictions of

the aforementioned methods, along with other functional genomics features such

as DNase hypersensitivity, transcription factor binding, splicing effect124 and most

recently regulatory sequence effect125. VARITY126 only includes predictions from

unsupervised VEPs that do not rely on human-labeled training labels, e.g. SIFT,
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in order to avoid data circularity (further discussed below), as well as

protein-protein interaction and protein structure information, e.g. accessible

surface area.

Besides differences in the types of included features, VEPs also differ on

the approach to predict pathogenicity from their selected features. There are two

main approaches - statistical estimations or machine learning/deep learning

models. Some VEPs, including SIFT108 and MutationAssessor107, directly

estimate the pathogenicity scores for variants using statistics and probability

estimations disciplined by specific features. These VEPs do not require training,

and their performances are benchmarked on datasets of annotated variants such

as ClinVar and dbSNP129.

Other VEPs rely on machine learning and deep learning models, including

naïve Bayesian classifiers, logistic regression, support vector machines, random

forest and deep neural network, to classify variants. These methods are mostly

supervised and are commonly trained using annotated variants from databases

such as ClinVar98, the Human Gene Mutation Database (HGMD)130, UniprotKB120

and VariBench131. PolyPhen2 uses a naïve Bayesian classifier, CADD

implements both a support vector machine and logistic regression in different

versions, REVEL uses random forest, while AlphaMissense, PrimateAI, ESM1b

and EVE are based on deep neural networks.

Training on human-curated labels results in inherent bias, as explored

below. To overcome these biases, CADD, PrimateAI and AlphaMissense

leverage large population germline data to create proxy labels for pathogenicity.
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Specifically, variants frequently observed in the human and primate populations

(minor allele frequency > 1e-5) are designated as benign, and simulated variants

absent from human and primate populations are labeled as pathogenic, based on

the assumption that pathogenic variants are selected against in populations and

therefore are not commonly observed. The resulting dataset is noisy, but

AlphaMissense introduces multiple rounds of fine-tuning in which the training

dataset is updated with high-confidence predictions from previous training rounds

(“self-distillation”), thus gradually improving the specificity of the training data109.

The proxy label approach not only circumvents the biases associated with

human-labeled labels but also creates a much larger training and evaluation set

by orders of magnitude compared to ClinVar and others. For example,

AlphaMissense was trained on 2.4 millions proxy-labeled variants, 100 times

larger than the set of ~200,000 somatic variants in ClinVar109.

There are a few unsupervised machine learning VEPs that do not rely on

labeled training and test sets, such as EVE113 and ESM1b117. Since both are

generative neural networks, they can predict pathogenicity directly as the

difference in predicted log-likelihood between the reference and alternate amino

acid at a given position.

Challenges with computational VEPs

VEPs have been shown to exhibit varying performance in systematic

comparisons that benchmark them on the same sets of clinical labels or

functional data94,95,110. Performances vary depending on the data they are being

evaluated on, and there is no consensus of the best performing method across
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the board94,95,110. This is likely a result of the different choices regarding input

features, model architectures, as well as training and testing data resulting in

different strengths and weaknesses of each method. Some of these design

choices result in significant caveats that should be carefully considered in

interpreting predictions from these methods.

First, the type of input features can restrict method performance.

Homology-based methods do not take into account structural consequences of

variants, and rely heavily on good MSAs to infer variant effects. Therefore, these

methods tend to perform worse in regions with low MSA coverage117. Meanwhile,

methods that incorporate structural information, including PolyPhen2 and

VARITY, are limited by the availability of 3D structures.

Second, the type of data used to train, test and validate machine

learning-based methods can also result in multiple types of circularity and bias

that affects the methods’ performance on new variants132. The first type of

circularity comes from data leakage, coming from the same data, either the same

variant or different variants at the same residues, being used in the training and

evaluation of a method, leading to over-optimistic performance metrics that do

not generalize to new variants. This is an issue with ensemble methods such as

REVEL and VARITY, as they cannot adequately ensure that all variants used in

the training of the 13 individual predictors are excluded from its evaluation

set95,123. Indeed, when possible sources of leakage are removed from the training

set, the performance of VARITY126 as measured by the area under the receiver

operating curve (AUROC) reduced from 0.949 to 0.935109. The second type of
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circularity is label bias, coming from the overrepresentation of variants in a few

genes (50% of labels in ClinVar are found in only 7% of the genes113), as well as

the predominantly pathogenic or non-pathogenic variants in certain genes within

curated training datasets (e.g. most variants in TP53 are annotated pathogenic).

This imbalanced representation results in models overfitting on labels from a few

genes and learning to predict all variants within certain genes as pathogenic. A

simple model to predict variant pathogenicity in a gene using only the ratio of

pathogenic variants of that same gene as a predictor achieves an AUROC of

0.914 on a test set comprising 40% ClinVar curated variants109. These models

can demonstrate excellent, albeit conflated, performance on the evaluation set,

even though this does not translate into generalized ability to predict pathogenic

variants in less commonly mutated genes. Finally, the predictions of many

commonly-used VEPs such as SIFT and PolyPhen2 are used as a criteria to

curate variant effects in ClinVar; therefore, using ClinVar labels to train and

validate a model that incorporates SIFT and PolyPhen2 scores as predictive

features, as many ensemble methods do, introduces additional circularity. All of

these biases caution against using human-annotated labels as training data for

VEPs, as it leads to inherited biases from human curators and previous

predictors.

The development of unsupervised VEPs, such as EVE and ESM1b, and

methods trained on proxy-label data, such as AlphaMissense, PrimateAI and

CADD, can alleviate the bias associated with human-curated training data.

Furthermore, the advances in deep mutational scanning or multiplexed assays of
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variant effect (MAVE)93, which can measure molecular and cellular phenotypes

across thousands of variants simultaneously, have resulted in large functional

databases that can be used to train, fine-tune and benchmark VEPs without the

concern about correlation with clinical labels110,133. VARITY126 incorporates MAVE

variants into their training data, while AlphaMissense109, EVE113 and ESM1b117

assess their performance using MAVE datasets besides curated clinical datasets,

demonstrating comparable metrics to evaluations based on ClinVar labels.

Therefore, newer VEPs have great potential to provide more accurate and

unbiased predictions for variant effects that can contribute to more effective

discovery of pathogenic drivers of diseases, especially in cancer.

In summary, large-scale cancer genomics projects have significantly

advanced our understanding of cancer genetics. The identification of driver

mutations has become crucial for assessing clinical phenotypes, prognosis, and

treatment responses. However, the majority of mutations in cancer are often

classified as VUSs, with emerging evidence suggesting nuanced roles for even

seemingly neutral mutations. VEPs play a vital role in systematically

characterizing variants, although they exhibit varying performance and face

challenges such as input feature restrictions and biases associated with

human-curated labels. Databases like ClinVar and oncology-specific knowledge

bases like OncoKB consolidate variant information but may have limitations in

number of curated variants and reporting bias. Recent advancements in

unsupervised VEPs and methods trained on proxy-label data show promise in

overcoming biases and enhancing the discovery of pathogenic drivers, which can
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potentially contribute to a more effective understanding of genetic variation and

its implications for human health, particularly in the context of cancer.

1.3. Thesis objectives

In this thesis, we aimed to develop methods to address the two

aforementioned challenges in utilizing clinicogenomic RWD in oncology research,

specifically focusing on issues with unstructured clinical information and genomic

variant interpretation. Antineoplastic therapy is an important variable in cancer

studies, yet information about whether patients receive prior treatment is only

available in free-text clinical notes, requiring manual curation. To address this

bottleneck, we developed and validated an NLP pipeline on 48,447 patients at

Memorial Sloan Kettering Cancer Center. This pipeline identified 25% of patients

with putative prior treatments, linking them to resistance mutations and worse

overall survival (Chapter 2). While computational methods for variant effect

prediction have advanced, their applicability to identifying cancer drivers remains

underexplored. Our assessment of VEPs in annotating variants in real-world

cancer genomic data revealed that methods incorporating protein structure or

functional genomic information outperformed those relying solely on evolutionary

data. Validation in two real-world NSCLC cohorts (N=8,690 and 977)

underscored the biological validity of VEP predictions, emphasizing their potential

in studying patient outcomes and biology in cancer (Chapter 3). Overall, our work

demonstrates the efficacy of machine learning models in streamlining data

annotations for more efficient use of RWD in oncology research.
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CHAPTER 2

AUTOMATED EXTRACTION OF EXTERNAL TREATMENT STATUS USING

NATURAL LANGUAGE PROCESSING

Summary

Anticancer therapy changes tumor physiology and genomics, making it a

key variable in cancer studies. Although antineoplastics given at a single

institution may be available in research-ready format, treatment at external

institutions prior to receiving care at academic medical centers, common among

patients at these centers, is often only described in free-text clinical notes,

necessitating manual curation for downstream analysis. To overcome this

bottleneck, we trained and validated natural language processing (NLP) models

using initial consult notes to identify whether patients had received treatment at

external institutions and studied the impact of these putative treatments on tumor

genomics. We deployed the model on 48,447 patients at Memorial Sloan

Kettering Cancer Center (MSK) and identified 25% of patients with putative prior

treatments, linking to resistance mutations and worse overall survival. These

results demonstrate that NLP can abstract external treatment status from clinical

notes. When applied at scale, our model could help mitigate confounding

variables and identify relationships between clinicogenomic variables and

anticancer therapy.
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Results

Treatment history is an important variable in clinical and genomics studies,

as cancer treatment influences patient outcomes and provides the evolutionary

pressure that can lead to resistance through diverse mechanisms, such as

acquired resistance mutations and histology transformation134–137. Patients seen

at tertiary referral cancer centers such as MSK are often referred from their local

oncology centers in advanced disease stages, after having received multiple

lines of antineoplastics138,139. Information about treatment received externally is

often only recorded in free-text clinical notes during patients’ first visit and not

easily accessible for downstream research use, which could lead to analyses

suffering from the confounding effect of treatment status. To overcome the need

for manual curation in making this variable available in structured format, we

sought to automatically abstract the status of whether patients had received

treatment outside of MSK from their initial consult notes.

Model performance

We trained and evaluated the performance of two NLP models, a logistic

regression (LR) model and a Transformer-based Clinical-Longformer

(“Longformer”)58, to predict the probability that patients received treatment prior to

their first visit at MSK from their initial consult (IC) notes. Both models were

trained and evaluated on 3,570 patients in five GENIE-BPC cohorts, who were

contributed by MSK and therefore had clinical notes available in MSK’s EHR

system. For each patient, we selected one IC note from their first visit with a

medical or radiation oncologist at MSK as input to the model (see Methods for
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more details on note selection). The Longformer took sequences up to 4,096

tokens in length as input, while the LR model required pre-processing of IC notes

into binary feature matrices comprising 10,000 common uni- and bigrams, along

with an indicator of whether a medication name or adjacent terms such as

‘chemotherapy’ was found in the note (Figure 1).

Figure 1. Architecture of NLP models trained to infer external treatment
status.
Two models were trained using IC notes. The lasso logistic regression model
takes a binary feature matrix, constructed from common unigrams and bigrams in
IC notes, as input, while the Clinical-Longformer model takes raw IC notes up to
4,096 tokens in length as input. Both models output the probability of having
received external treatment.

We used cross validation (CV) to evaluate model performance in two

settings: 5-fold CV with random data splits, and cancer-holdout CV, where

patients from one cancer type were held out for evaluation and the models were

trained on patients from the other four cancer types. Performance metrics were

macro-averaged from all five folds in both settings.
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In evaluating the LR model, we observed that its performance varied

across evaluation scenarios. In 5-fold CV, LR achieved a precision of 0.643,

recall of 0.657 and an AUROC of 0.719 (Table 1). When specifically assessing its

ability to generalize to a new cancer type when trained on others in the

cancer-holdout CV, LR showed improvement across all metrics with a precision

of 0.822, recall of 0.768, and an AUROC of 0.857 (Table 1). Comparison of two

AUCs between the CV settings using DeLong’s test for significant changes in

AUROC140 showed that the performance of the LR model in the cancer-holdout

setting was significantly better compared to that of the model in the CV setting

(p-value = 0.05).

The Longformer model, on the other hand, performed well in both

validation settings. In the 5-fold CV, the Longformer achieves a high AUROC of

0.977 and performance metrics (Table 1). In the cancer-holdout evaluation, the

Longformer’s performance dropped slightly across all metrics, with an AUROC of

0.965; however, this decrease in AUROC was not significant in a DeLong’s test

(p-value = 0.5). These results underscore the Longformer's effectiveness in

providing accurate predictions and its ability to generalize to new cancer types

not present in the training set.

We compared the performance of the LR and Longformer using DeLong’s

test. The AUROCs achieved by the Longformer model in both CV settings were

significantly higher than those of the LR models (p-value < 0.01, Figure 2).

Considering both models together, the comparison suggests a clear advantage

for the Longformer across all metrics and evaluation scenarios. Its consistently
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higher precision, recall, F1 score, and AUROC emphasize its robust performance

and potential for accurate predictions.

Figure 2. ROCs of Clinical-Longformer and LR models in two CV settings
Significant differences between models’ AUROCs were calculated using
DeLong’s test.

Table 1. Macro-averaged performance metrics for NLP models for external
status abstraction

Metrics LR
5-fold CV

LR -
Cancer CV

Longformer -
5-fold CV

Longformer -
Cancer CV

Precision 0.643 0.822 0.907 0.889

Recall 0.657 0.768 0.909 0.892

F1 score 0.642 0.764 0.908 0.884

AUROC 0.719 0.857 0.977 0.965

To better understand the errors of the Longformer model, we collaborated

with a medical oncologist to manually annotate high-confidence false positive

(FP, predicted probability of receiving external treatment > 0.8) and false negative

(FN, predicted probability of receiving external treatment < 0.2) cases from the

5-fold cross-validated model. A total of 42 cases were manually reviewed,
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accounting for 40% of all discrepant cases. The review involved a medical

oncologist looking at the same IC notes used to train the model and, without

knowing the model’s predictions, determining whether the patients had received

prior treatment. Out of 21 FP cases, 17 (80%) had received prior antineoplastic

treatment according to the medical oncologist’s interpretation of the IC notes,

which agreed with the model’s predictions (Figure 3). The most common reason

for the medical oncologist’s agreement with the model’s predictions instead of

GENIE BPC’s labels was due to the identification of treatment information in IC

notes that had been overlooked during the curation process. This result suggests

that there may be curation errors in the GENIE BPC treatment data and

highlights how automated feature abstraction with NLP can supplement the

manual curation process of clinical variables.

Figure 3. Manual review of discrepant cases from Longformer model
IC notes from 42 high-confidence FN and FP cases were reviewed by a medical
oncologist, and external treatment annotation from manual review was compared
with the Longformer’s predictions as well as GENIE BPC’s labels.
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External treatment status in MSK-IMPACT cohorts

We deployed the fine-tuned 5-fold cross-validated Longformer model to

infer external treatment status for 48,447 patients at MSK with IC notes. We

defined externally treated patients as those with predicted probability of receiving

external treatment larger than or equal to 0.6 and with confidence intervals not

overlapping with 0.5. This cutoff was chosen by looking at the distribution of

predicted positive probability (Figure 4) and opting for a more lenient threshold to

boost our recall rate.

Figure 4. Histogram of the predicted probability of receiving external
treatment for 48,447 patients at MSK
Dotted orange line indicates the threshold to identify cases predicted to have
received external treatment.

Using this cutoff, about 25% of the MSK-IMPACT cohort (11,900 patients)

was predicted to receive antineoplastics before coming to MSK. The proportion

of putative externally treated patients varied by cancer types, ranging from ~70%

in tumors in the peripheral nervous system to 5% in renal cell carcinoma (Figure

5). Among the most common cancer types with >= 2,000 patients, the proportion

of externally treated patients also varied, even though with much less variance,
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with patients with breast cancers having the highest rate of putative external

treatment of 30% and NSCLC having the lowest rate with 15%. The large

difference in putative external treatment status between cancer types could be

due to multiple reasons. First, patients with different cancer types may seek care

at MSK at different stages, resulting in variation in their treatment history. For

cancer types that were more aggressive, commonly diagnosed in advanced

stages or without any available first-line antineoplastics, treatment-naïve patients

may be referred to MSK right away, resulting in lower fractions of externally

treated patients, while cancer types that were diagnosed earlier or with

well-established treatment protocols may be managed at local oncology centers

first before referral to MSK, thus resulting in higher fractions of externally treated

patients. Another possible contribution to this large variation in external treatment

rate could be the types of IC notes available for patients in each cancer type.

Various types of IC notes differed in the amount of information they provided

about previous treatment (see Methods for more details on note type

prioritization). Patients with different types of cancer may be more likely to have

their initial visits with healthcare providers who gave relatively less emphasis to

their treatment history, leading to less informative corpora of notes for the model

to base its prediction on. Finally, cancer type-specific model performance may

account for some of the observed large variation in external treatment rate. Even

though the Longformer performed well when evaluated on a held-out cancer type

not seen during training, it was only trained and evaluated on five common

cancer types and thus may not generalize well on rarer cancer types.
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We further annotated the treatment status of first MSK-IMPACT samples

by combining NLP-derived external treatment labels and prior treatment labels,

derived by aligning the sample acquisition dates of first MSK-IMPACT samples

with treatment records in MSK’s institutional treatment database to identify

whether a sample was treatment-naïve or pre-treated. Comparing these two

labels allowed us to identify two groups of samples: treatment-naïve samples,

with no treatment before sample acquisition in MSK database and negative

external treatment prediction (MSK treatment (–) NLP (–)) and pre-treated

samples, with either recorded treatment before sample acquisition in MSK

database (MSK treatment (+)), positive external treatment prediction (NLP (+)),

or both (MSK treatment (+) NLP (+)). Within the pre-treated samples, there

existed samples with no recorded treatment before sample acquisition in the

MSK database, yet came from patients predicted to have received external

treatment. These samples, which made up about 30% of all samples with no

known treatment before sample acquisition, would have been labeled

“treatment-naïve” without additional information about external treatment (Figure

5). Since patients may have received treatment at MSK before tumor biopsy, the

samples with MSK treatment (+) NLP (–) label did not necessarily reflect

discrepancy in model performance as these MSK treatments would not have

been recorded in IC notes.
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Figure 5. Inferred external treatment status for 48,447 MSK patients
Prior treatment probabilities for MSK patients were predicted using the fine-tuned Longformer model and patients
with predicted probabilities of >= 0.6 were labeled as putatively externally treated. Left: Proportion of patients
predicted to receive prior external treatment. Right: Known and prior treatment annotation of first MSK-IMPACT
samples for patients with external treatment inference.
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Clinicogenomic characteristics of externally treated patients

Antineoplastic treatment alters tumor genomics and physiology. Genomic

sequencing of paired longitudinal samples before and after treatment have

revealed multiple acquired genomic changes, some of which are responsible for

drug resistance134–136,141. We therefore hypothesized that samples with putative

external treatment would have similar genomic profiles to samples with known

treatment at MSK, with both exhibiting more treatment-related genomic changes

compared to treatment-naïve samples.

To test this hypothesis, we compared the frequencies and statistical

enrichment of oncogenic alterations, including point mutations, copy number

alterations and fusions, at the gene and residue levels in the first MSK-IMPACT

sample of each patient using logistic regressions, adjusting for sample type. We

found significant enrichment of alterations in resistance-related genes in both the

inferred externally treated and pre-treated groups, including AR and TP53 in

prostate141,142 and ESR1 in breast cancer134 (Figure 6). Additionally, pre-treated

samples, both known and putative, from patients with breast cancer showed

enrichment in multiple genes, mostly due to amplification, aligning with previous

observations about genomic changes following endocrine therapy134. Similarly,

for EGFR-mutated patients with non-small cell lung cancer, EGFR T790M, a

well-known resistance mutation, was enriched in both the inferred externally

treated and pre-treated groups compared to treatment-naive143 (Figure 6). The

alteration frequencies of resistance-related genes were highest in samples with

MSK treatment, followed by samples with putative prior treatment, whereas
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treatment-naïve samples had low alteration frequencies of these genes and

mutations. The low frequency of resistance mutations e.g. EGFR T790M in

treatment-naïve samples aligns with our expectation that this mutation was

primarily acquired after treatment and rarely detected at baseline144,145.

Furthermore, the intermediate alteration frequencies of resistance genes and

mutations in the putative prior treatment samples suggests a treatment dosage

effect, in which the amount of treatment patients have undergone correlates with

the likelihood of acquiring genetic resistance. Together, these results suggest that

externally treated patients defined a patient cohort with distinct genomic

characteristics from treatment-naïve patients, and thus should be analyzed

separately in downstream genomic analysis to reduce confounding effect.

Finally, we looked at overall survival (OS) of patients and whether it is

associated with treatment status. Patients with putative external treatment have

shorter OS compared to treatment-naive patients and in most cases have

comparable OS compared to known pre-treated patients, likely reflecting the

more advanced stages of disease for pre-treated patients. These differences in

survival, along with the enrichment in resistance mutations, demonstrate that

patients with putative external treatment should be analyzed as a separate group

or as part of the pre-treated group (Figure 7).
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Figure 6. Enrichment of resistance-related genes and alterations in putative
externally treated MSK patients
Frequencies (left) and logistic regression coefficients showing enrichment (right)
of genomic alterations in patients with known prior or putative treatment status
compared to treatment naïve patients with A. prostate cancer, B. EGFR-mutated
NSCLC and C. breast cancer.
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Figure 7. Overall survival of putative externally treated MSK patients
Kaplan-Meier (KM) curves showing OS from date of diagnosis stratified by
treatment status of MSK-IMPACT patients with A. prostate cancer, B.
EGFR-mutated NSCLC and C. breast cancer.

Discussions

In this work, we trained and evaluated two models with different

architectural complexities, a ngram-and-medication-token-based LR model and a

Clinical-Longformer model, on IC notes to predict whether patients had received

external treatment before coming to MSK. In certain NLP tasks, such as

identifying smoking status or disease state146, where inference relies on

identifying keywords, regular expressions matching may be sufficient. This

approach does not require training or fine-tuning, and has the added advantage
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of being interpretable. Even though the presence of drug names can serve as a

proxy for prior treatment status, clinicians often refer to medications by their

abbreviations, brand names or regimen names in clinical notes. These

non-standard nomenclature, along with misspellings, render rule-based

approaches difficult and thus require more sophisticated models. In addition to

handling cases without standard vocabularies effectively, machine learning

models also demand less domain knowledge for implementation compared to

rule-based approaches, which enables these models to be scaled more easily to

new cancer types.

We tested both the LR and Longformer’s ability to generalize to new

cancer types using two CV schemes, one involving testing on a held-out cancer

type and another using random splits. The LR model performed better in the

cancer-holdout CV compared to random split 5-fold CV (AUROC of 0.857

compared to 0.719, p-value < 0.05). This difference may be due to the similarities

in features which were predictive of receiving prior treatment between cancer

types, allowing the cancer-holdout model to generalize more efficiently to a new

cancer type. Furthermore, the random split CV might fail to capture important

interactions between variables across different cancer types. The cancer holdout

model, by focusing on specific cancer types during training, may better control for

confounding factors and capture interactions that are crucial for accurate

predictions in the held-out cancer type.

On the other hand, the Longformer consistently performed well in both

validation strategies, achieving AUROCs between 0.965-0.977. The stability in
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the Longformer’s performance in different CV strategies compared to the LR’s

highlights the strengths of Transformer-based models in handling complex

language tasks. Specifically, the Longformer’s ability to handle long input

sequences, up to 4,096 subtokens, allowed it to process the complex contexts

related to treatment in IC notes. Since the Longformer does not require

pre-processing, it is also not sensitive to the feature engineering choices that

need to be made before training a LR model. Should a better alternative model

such as the Longformer not be available, other feature engineering strategies

exist that can potentially improve the LR’s performance, such as selecting

n-grams with high tf-idf147, which weighted words by their importance in a

document, or using terms from word2vec-augmented vocabularies exclusively.

The selection of notes during training and prediction is a crucial factor in

ensuring the success of the models. In particular, IC notes encompassed various

sections covering extensive details such as medical history, family history,

present illness, and future treatment plans. In the earlier training phases of both

models, when entire notes were utilized, it became evident that a significant

number of false positives originated from references to treatment plans within the

Future Treatment section. This observation underscores the importance of

refining note selection strategies to enhance the models' accuracy and reliability

in distinguishing relevant information.

Even though real-world cohorts of patients with fully curated clinical data,

such as GENIE BPC, remain small, they serve as invaluable resources to train

and validate NLP models. In turn, NLP efforts can help provide assistance and
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feedback for the curation process. Manual review of high-confidence FP cases

from our NLP model revealed a non-trivial number of curation errors, suggesting

that NLP models can learn and predict patterns in the identification and

classification of clinical data. This collaborative approach, combining the

efficiency of NLP models with the expertise of human curators, enhances the

overall accuracy and reliability of curated clinical datasets. Additionally, the

iterative feedback loop between NLP models and manual curation enables

continuous refinement and improvement in the performance of the models over

time. Furthermore, the scalability of NLP allows for the analysis of vast amounts

of unstructured clinical text, contributing to the enrichment of curated datasets

with a diverse range of patient cases. This approach not only facilitates a more

comprehensive understanding of disease patterns and treatment outcomes but

also opens avenues for exploring novel insights that may have been overlooked

in smaller, manually curated cohorts.

This study focused on predicting a binary indicator of prior treatment,

which can be sufficient to build cohorts of patients based on treatment status or

control for treatment in outcome analyses. Case-by-case annotations of the prior

treatment type that patients received have shown that patients generally received

the standard of care for their cancer type. For example, patients with

EGFR-mutated NSCLC received first-line EGFR tyrosine kinase inhibitors for

their prior treatment, as evidenced by the enrichment of EGFR resistance

mutations in putatively pre-treated samples (Figure 6). However, as the

treatment landscape is changing, patients will have received more
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heterogeneous therapies, thus necessitating further manual annotations for use

cases that involve knowing the exact prior treatment type. NLP models could be

trained to identify not only whether a patient has received treatment, but also the

type of treatment they received and the duration of treatment. Multiple models

have shown promising performance in contextualized medication event

extraction from longitudinal clinical notes during the 2022 National NLP Clinical

Challenges148. With the appropriate training data, these models could be

fine-tuned and deployed for medication name and duration abstraction from IC

notes, which would further enhance the utility of our real-world clinical data.

This work has limitations. The training cohort, though well-curated, was

small and only included patients from five cancer types, which could limit the

model’s ability to learn more heterogeneous patterns in other rare cancer types.

Additionally, the lack of abstraction for precise treatment information or

associated cancer types posed a challenge in distinguishing prior treatments for

different primary cancers in cases where a patient has multiple primaries. To

address this issue for patients with multiple primaries in our cohort, we opted to

utilize IC notes from a narrow timeframe (within 90 days) during their first visits

with a specific disease management team at MSK. However, these notes may

not be the most informative regarding external treatment. More diverse training

data and additional labels for the cancer types associated with prior treatment

could allow the model to be applied on more IC note types and generalize better

to more cancer types.
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Methods

Patients & Data

This study analyzed patients with tumor genomic sequencing from two

sources: The MSK-IMPACT cohort and the AACR Project GENIE Biopharma

Collaborative Cohort, which includes patients from the MSK-IMPACT cohort.

Details regarding the AACR GENIE Biopharma Collaborative (BPC) have been

published previously37. Here we included patients in the BPC with single-primary

NSCLC, breast, colorectal, prostate, or pancreatic cancer. The MSK-IMPACT

cohort comprises patients at Memorial Sloan Kettering (New York, NY), an

academic cancer hospital with tumor genomic sequencing using MSK-IMPACT,

an FDA-authorized tumor genomic profiling assay, which uses matched white

blood cell sequencing to filter clonal hematopoietic and germline variants. All

MSK patients were enrolled as part of a prospective sequencing protocol

(NCT01775072). The study was independently approved by the Institutional

Review Board of each site. Patients provided written, informed consent and were

enrolled in a continuous, nonrandom fashion. Data here is from a September 22,

2022 snapshot. Only patients with completed tumor registry entries were

included in analysis.

Our training cohort included 3,570 patients across five GENIE BPC

cohorts, including breast (BRCA, N = 463), colorectal (CRC, N = 885), lung

(NSCLC, N = 1293), pancreatic (PANC, N = 500) and prostate (PRAD, N = 429).

GENIE BPC patients were included in the training data if they were contributed

by MSK and thus had clinical notes available in MSK’s EHR system.
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We deployed our model on a cohort of 48,447 MSK-IMPACT patients with

records of their first tumors in MSK’s system. We did not exclude any patients

based on visit date, even though further note filtering excluded some

MSK-IMPACT patients from the final deployment cohort.

Note selection and prioritization

We developed our model based on IC notes, which included notes from

medical oncologists, radiation oncologists, surgery, inpatient services and others,

as they were most likely to contain information about external treatments prior to

MSK. IC notes, defined as all notes with prefix “initial consult” in ClinDoc, were

obtained for all patients in Tumor Registry. For all IC notes, we included sections

relevant to external treatments, including past medical history, history of present

illness and chief complaint, while excluding sections mentioning future treatment

plans to avoid possible confounding language.

In both our training and testing cohort, a small number (~2%) of patients

were excluded due to the lack of initial visit notes (Figure 8). Most of these

excluded patients have non-digital IC notes, commonly before 2012 where

digitization efforts started at MSK.

We further developed a prioritized scheme for IC note types based on a

priori knowledge of how likely each note type was to contain information about

external treatments based on our understanding of the notes’ content. Medical

oncology notes from disease management teams were most likely to include

information regarding external treatment, while radiation oncology notes were

less likely to do so. Both of these note types are included in training and
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validating the model (’allowable note types’), while other note types unlikely to

mention external treatment, including inpatient IC notes, were excluded. Patients

with no IC notes in the allowable note categories (about 5% of the total cohort)

were excluded from the training and validation set. Finally, to avoid patients with

notes from later procedures wrongly attributed to their initial visit and thus

unlikely to contain external treatment information, we excluded patients with IC

notes dated more than 90 days after their initial visit date if they had multiple

primaries in Tumor Registry. About 10% of the initial training and 15% of the

deployment cohort were excluded due to this filtering (Figure 8).

For the final cohort, we selected one note per patient to analyze. If a

patient had multiple notes, the final note was selected based on higher priority,

then by earlier creation time should all eligible notes have similar priority.

Figure 8. Consort diagram of patient and note selection schemes

Model training and evaluation

Logistic regression model

We trained logistic regression models on 10,000 common unigrams and

bigrams from the training corpus and an indicator of whether medication names

or adjacent words were mentioned in the text. L1 regularization was applied to

all models.
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To create a medication name indicator, we first built a vocabulary of

medication names by including all drug generic names (column

‘DRUG_GENERIC_NAME’) curated in RedCap for all five GENIE cohorts. For

cancer-holdout CV, we created five vocabularies, each containing medication

names from the four cancer types included in the training sets, and used the

same vocabulary for training and testing. Since medications can be misspelled,

abbreviated, or referred to by their brand names (e.g. Tarceva for erlotinib,

‘carbo’ for carboplatin) or by the regimens that they are a part of (FOLFOX for

leucovorin, 5-FU and oxaliplatin) in clinical notes, we further expanded the

generic name medication vocabulary using word2vec50, which identified words

that appear in similar context. We used the list of generic drug names along with

terms commonly used to refer to treatment, including ‘chemo’, ‘chemotherapy’,

and ‘rt’, as the starting words and augmented our existing drug vocabulary with

word2vec. The binary medication indicator was then created for each note by

finding matches between the word2vec-augmented medication vocabularies and

the IC note corpora.

To evaluate model performance on the GENIE-BPC cohort comprising the

training set, we used 5-fold CV. Folds were constructed randomly at the patient

level, so that a fold’s validation set consisted of reports from patients not present

in the train portion of the fold. We used two CV schemes to evaluate model

performance. In the 5-fold CV scheme, we splitted the cohort into five folds of

equal sizes, then trained models on 80% of the data and tested on the 20% that
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is left out in each fold. In the leave-one-cancer-out CV scheme, we trained

models on four cancer types and tested on the held-out cancer type.

Clinical-Longformer model

Full IC reports are generally long, and any mention of prior antineoplastic

treatments occurs within an expansive textual context. We therefore used a

transformer model engineered to have subquadratic memory requirements; in

particular, we fine-tuned a Clinical-Longformer model52, which is itself a

Longformer model53 fine-tuned on the MIMIC-III v1.4 database51. This model has

a maximum input sequence length of 4,096 subtokens.

The Clinical-Longformer model is implemented in PyTorch;46 we used the

model and pre-trained model weights in the HuggingFace library and model

hub.47 We pooled transformer model output using the default method of

conditioning on the first [CLS] pseudo-token prepended to the sequence

comprising the impression section. We trained using AdamW48 using a batch size

of 64 and a learning rate of 1 x 10-6, training for 20 epochs with a warm-up period

of 2 epochs. We upsampled minority-class examples uniformly with replacement

to achieve class balance during training. Extrinsic results (i.e. main results

incorporating model predictions) were presented on models trained on the full

GENIE BPC cohort.

Genomic and survival analyses of patients receiving external treatment

Genomic analysis

For each alteration with absolute count higher than 5 or gene with

alteration frequency of at least 3% in a cancer type, we used logistic regression
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models, regressing alteration status on treatment status and accounting for the

sample type at sequencing:

alteration status (0/1) ~ treatment status + sample_type

The Benjamini-Hochberg procedure was used to adjust the treatment

status p-values for multiple hypothesis testing where applicable.

Survival analysis

KM curves were constructed to examine the relationship between

treatment status and overall survival for genes. KM curves were calculated from

time of diagnosis to time of death or last follow-up, left truncated at time of cohort

entry (tissue sequencing). Patients were stratified based on their prior treatment

status, either as “no prior treatment” (no treatment record before IC note date in

MSK internal database or positive NLP prediction), “inferred prior treatment” (no

treatment record before IC note date in MSK internal database but positive NLP

prediction), and “received prior treatment” (at least one treatment record before

IC note date existed in MSK internal database). Only strata with ≥ 10 patients

were included.
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CHAPTER 3

MACHINE LEARNING PREDICTIONS IMPROVE IDENTIFICATION OF

REAL-WORLD CANCER DRIVER MUTATIONS

Summary

Characterizing and validating which mutations influence development of

cancer is challenging. Computational variant effect predictors (VEPs) can predict

the effect of variants at scale by leveraging evolutionary, biological and structural

features of proteins; however, their utility for identifying cancer drivers is less

explored107–109,120,123,124. We evaluated 11 computational methods for identifying

cancer driver alterations. For identifying known drivers, deep-learning methods

incorporating protein structure or functional genomics outperformed methods

trained only on evolutionary data. We further validated VUSs annotated as

pathogenic by testing their association with overall survival in two cohorts of

patients with non-small cell lung cancer (NSCLC, N=8,690 and 977).

“Pathogenic” VUSs in KEAP1 and SMARCA4 identified by several methods were

associated with worse survival, unlike “benign” VUSs. “Pathogenic” VUSs

exhibited mutual exclusivity with known oncogenic alterations at the pathway

level, further suggesting biological validity. Despite training primarily on germline,

rather than somatic, mutation data, computational VEP tools contribute to a more

comprehensive understanding of tumor genetics as validated by real-world data.
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Results

We sought to use real-world cancer genomic and outcome data to assess

the utility of computational methods for annotating VUSs. Specifically, we looked

at 11 VEPs, including AlphaMissense109, CADD124, ESM1b117, EVE113,

FATHMM111, MutationAssessor107, PolyPhen2, which includes two models trained

on different datasets PolyPhen2-HDIV and PolyPhen2-HVAR120, PrimateAI121,

REVEL123, SIFT108 and VARITY, specifically the VARITY_R_LOO model trained

on rare ClinVar variants (MAF < 0.5%) and cross-validated using a

leave-one-variant-out strategy126, as well as a database of variants effect,

ClinVar98. Methods were chosen to be included based on their novelty,

demonstrated superior performance compared to other methods in the same

class94,95, relevance to cancer and popularity (see Methods for more detail). We

evaluated the utility of these VEPs and database (henceforth “methods”) for 1)

annotating known pathogenic somatic cancer variants, 2) identifying VUSs

associated with OS in patients with cancer and 3) identifying VUSs associated in

tumors without other drivers in the same oncogenic pathway. A summary of each

method’s approach is presented in Table 2.

Table 2. Overview of evaluated VEPs and databases
Eleven variant function prediction methods and two databases were included in
this study.

Method Description Required
human-
curated data

AlphaMissense Deep neural network based on the
protein structure predictor AlphaFold2,
trained on weak labels derived from
human and primate germline variants

No
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CADD Support vector machine model
combining conservation metrics and
functional genomic data, trained on
weak labels derived from human
germline data variants

No

ClinVar Database of human variants and
supporting evidences for their
functions

Yes

ESM1b Unsupervised deep protein language
model

No

EVE Unsupervised deep learning model
based on distribution of sequence
variation across organisms

No

FATHMM Variant effect predictor based on
sequence conservation within hidden
Markov models, weighted for
cancer-associated mutations

Yes

MutationAssessor Variant functional impact predictor
based on evolutionary conservation
patterns across protein families and
subfamilies

No

OncoKB FDA-approved, manually-curated
somatic mutation database

Yes

PolyPhen2-HDIV Damaging mutation classifier based on
sequence, homology and structural
features, trained on Mendelian disease
variants and closely related homologs

Yes

PolyPhen2-HVAR Damaging mutation classifier based on
sequence, homology and structural
features, trained on disease-causing
mutations and non-disease-related
nsSNPs

Yes

PrimateAI Deep learning network, incorporating
information from two sub-networks that
predict secondary structure and
solvent accessibility, trained on
common human variants and primate
variation

No
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REVEL Random forest-based ensemble
method trained on other prediction
methods and curated variants

Yes

SIFT Sequence homology-based prediction
of amino acid substitution

No

VARITY
(VARITY_R_LOO
score)

XGBoost model incorporating scores
from unsupervised VEPs as well as
information about protein-protein
interaction and protein structure.
VARITY_R_LOO is the VARITY model
trained on rare ClinVar variants (MAF <
0.5%) and cross-validated using a
leave-one-variant-out strategy

Yes

Spectrum of VUSs across cancer genes

We first characterized the spectrum of VUSs across cancer genes in the

large pan-cancer, multi-institutional AACR GENIE v.14-public cohort (“GENIE”)74.

Missense mutations in 183,302 tumors from 160,965 patients were annotated

using OncoKB, an FDA-recognized molecular knowledge database99.

Approximately 80% of somatic missense mutations detected were VUSs (Table

4), even though the percentages of VUSs varied by gene (Figure 9). Almost all

mutations in TP53 and KRAS were annotated to be oncogenic, suggesting that

these genes are not only extensively studied but also well-conserved and exhibit

a high level of intolerance towards protein modifications149,150. On the other end of

the spectrum were genes with high proportion of VUSs, including those

commonly altered by other types of variants e.g. fusions instead of mutations,

such as ALK151 and ABL152, as well as those commonly mutated but less

well-studied, such as KEAP1153.
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Figure 9. Frequency of known oncogenic mutations and variants of
unknown significance in GENIE v14-public cohort as annotated by OncoKB

We then tested the utility of the selected methods in discriminating known

pathogenic somatic mutations from benign ones. We only focused on missense

mutations as most methods were designed to work on them. To this end, we

leveraged missense mutations detected in GENIE and supplemented this data

with 10,000 randomly selected missense mutations from the dbSNP Human

Variation Sets labeled as having no known medical impact, which served as our

negative controls. Prediction scores for all VEPs, representing the likelihood of

variants being pathogenic, were obtained from dbNSFP154. Since many

downstream analyses required discrete labels for variants, we also obtained

off-the-shelf mutation classifications, which resulted from imposing

predetermined thresholds on the predicted functional scores to stratify mutations

into broad categories of pathogenic, non-pathogenic or uncertain, for

AlphaMissense, FATHMM, MutationAssessor, PolyPhen2 and SIFT, as well as

annotation from the ClinVar database. The rest of the evaluated VEPs required
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additional steps to determine the appropriate variant classification from predicted

scores. First, EVE provides variant classifications at different uncertainty levels,

aiming to enhance accuracy by excluding uncertain ones113. For instance,

Class25 EVE means 25% of the most uncertain variants were omitted. We

determined the optimal uncertainty threshold for accuracy by comparing

AUROCs in classifying oncogenic mutations in GENIE data, selecting the

threshold with the highest AUROC (Figure 10A). Additionally, for VEPs that

offered prediction scores without predefined classifications or recommended

score cutoffs, including CADD, ESM1b, PrimateAI, REVEL and VARITY, we

manually determined cutoff thresholds by optimizing the sum of sensitivity and

specificity in distinguishing known oncogenic mutations from benign dbSNPs

(Figure 10B-F). We then applied these thresholds to derive discrete

classifications of variants from continuous prediction scores (see Methods for

more details).
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Figure 10. Determination of variant classification thresholds.
A. EVE uncertainty threshold by maximizing AUROC and B-F. prediction score
cutoff thresholds for B. CADD, C. ESM1b, D. PrimateAI, E. REVEL and F.
VARITY by maximizing the sum of sensitivity and specificity in classifying known
oncogenic mutations from benign dbSNPs.
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To identify whether predictions from different methods agreed with each

other, we calculated Spearman’s correlation coefficients between predictions

from all methods for variants with OncoKB annotations, including known

pathogenic and known neutral mutations, as well as VUSs. Correlations were

calculated at the mutation level, where each unique mutation was counted once,

and at the population level, where all occurrences of mutations were counted to

reflect actual population frequencies of each mutation. Among the

OncoKB-annotated variants, OncoKB annotations had overall positive but low

correlations with all other methods at both the mutation and population level

(Figure 11A-B). Methods with the strongest correlation with OncoKB included

VARITY, ESM1b, AlphaMissense and both PolyPhen2 models. Since

OncoKB-annotated variants include mostly oncogenic variants (Tables 3-4), the

low correlation coefficients suggest that even though most methods were able to

identify some oncogenic mutations as pathogenic, their definition of pathogenicity

did not fully recapitulate oncogenicity, which included both loss-of-function

mutations in TSGs and gain-of-function mutations in OGs. Furthermore, many

methods could not properly annotate the neutral variants as non-pathogenic, with

some methods such as SIFT and PolyPhen2 annotating ~60% of the neutral

mutations as pathogenic (Tables 3-4).

When comparing VEP predictions among themselves, the highest

correlations were observed between methods that incorporated evolutionary

features, including both PolyPhen2 models, SIFT, MutationAssessor, FATHMM

and EVE (Figure 11A-B). ESM1b, a protein language model that does not
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explicitly look at homology, as well as two ensemble methods VARITY and CADD

also exhibited high correlation in predictions with evolution-based methods.

Among deep learning-based methods, AlphaMissense and PrimateAI’s

predictions were highly correlated at the mutation level, which reflected

similarities in their approaches of predicting protein structure and training on

weak labels derived from primates (Figure 11A). However, at the population

level, PrimateAI’s predictions were anti-correlated with those of many VEPs,

especially evolution-based VEPs including PolyPhen2, FATHMM and

MutationAssessor (Figure 11B), because PrimateAI mis-annotated common

oncogenic variants, such as TP53 R248Q, as non-pathogenic, while other VEPs

correctly annotated these variants (not shown). REVEL’s predictions were weakly

correlated with other methods at both levels, which was surprising considering

how its approach incorporated predictions from many methods evaluated here

(Figure 11A-B).

Among variant effect predictions for VUSs, strong correlations were

observed between the majority of VEPs except for FATHMM, EVE and REVEL

(Figure 11C-D). At the population level, the correlation coefficients were stronger

across all methods, suggesting that VUSs with similar predicted effects were

more common in the population. Since ClinVar relied on human-curated

knowledge and is unlikely to include annotations for VUSs, it had weak or

negative correlations with other VEPs.

Overall, we showed that VEPs using different approaches agreed in their

predictions, especially for VUSs. Among variants with OncoKB annotations,
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which were dominantly oncogenic mutations, most methods have positive but

weak correlations with OncoKB, suggesting that they did not annotate all

oncogenic variants accurately.

Figure 11. Correlation between predictions of variant effects from VEPs and
databases
Spearman’s correlation coefficients were calculated for computational predictions
of A-B. OncoKB-annotated variants, including oncogenic and neutral variants,
and C-D. VUSs. Correlation coefficients were calculated at the mutation level (A
and C) and population level (B and D).
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Table 3. Mutation-level count and proportion of mutations in GENIE v14-public by predicted and annotated
functions
Missense mutations in GENIE v14-public were annotated with OncoKB and other methods evaluated in this study.
Counts and proportions were calculated at the mutation level, where each unique mutation was counted once.

Method/
Database Annotation

OncoKB: Unknown OncoKB: Neutral OncoKB: Oncogenic OncoKB: Resistance
# of

mutations
% of
total

# of
mutations % of total # of

mutations % of total # of
mutations % of total

Alpha
Missense

Non-pathogenic 275,229 52.85 336 0.06 1,015 0.19 6 0

Pathogenic 166,463 31.97 269 0.05 5,944 1.14 72 0.01

Unknown 70,234 13.49 87 0.02 1,074 0.21 3 0

CADD

Non-pathogenic 249,836 47.98 275 0 1,332 0.26 7 0

Pathogenic 252,528 48.49 401 0 6,110 1.17 73 0.01

Unknown 9,562 1.84 16 0 591 0.11 1 0

ClinVar

Non-pathogenic 2,998 0.58 75 0.01 28 0.01 0 0

Pathogenic 2,504 0.48 110 0.02 1,425 0.27 12 0

Unknown 506,424 97.25 507 0.1 6,580 1.26 69 0.01

ESM1b

Non-pathogenic 312,520 61.07 293 0.06 1,742 0.34 17 0

Pathogenic 16,3705 31.99 267 0.05 5,410 1.06 61 0.01

Unknown 27,305 5.34 117 0.02 314 0.06 3 0

EVE

Non-pathogenic 104,315 20.38 204 0.04 1,143 0.22 10 0

Pathogenic 65,599 12.82 155 0.03 3,554 0.69 31 0.01

Unknown 333,616 65.19 318 0.06 2,769 0.54 40 0.01

FATHMM

Non-pathogenic 332,501 64.97 337 0.07 2,973 0.58 28 0.01

Pathogenic 152,804 29.86 327 0.06 4,315 0.84 51 0.01

Unknown 18,225 3.56 13 0 178 0.03 2 0
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Mutation
Assessor

Non-pathogenic 269,492 52.66 326 0.06 1,978 0.39 51 0.01

Pathogenic 213,919 41.8 341 0.07 5,289 1.03 30 0.01

Unknown 20,119 3.93 10 0 199 0.04 0 0

PolyPhen2-
HDIV

Non-pathogenic 173,569 33.92 176 0.03 877 0.17 9 0

Pathogenic 294,375 57.52 380 0.07 6,248 1.22 69 0.01

Unknown 35,586 6.95 121 0.02 341 0.07 3 0

PolyPhen2-
HVAR

Non-pathogenic 222,851 43.55 242 0.05 1,247 0.24 10 0

Pathogenic 245,093 47.89 314 0.06 5,878 1.15 68 0.01

Unknown 35,586 6.95 121 0.02 341 0.07 3 0

PrimateAI

Non-pathogenic 254,821 49.79 338 0.07 1,703 0.33 4 0

Pathogenic 236,114 46.14 337 0.07 5,733 1.12 77 0.02

Unknown 12,595 2.46 2 0 30 0.01 0 0

REVEL

Non-pathogenic 132,056 25.8 66 0.01 654 0.13 5 0

Pathogenic 58,637 11.46 88 0.02 1,481 0.29 27 0.01

Unknown 312,837 61.13 523 0.1 5,331 1.04 49 0.01

SIFT

Non-pathogenic 202,790 39.63 243 0.05 1,151 0.22 17 0

Pathogenic 283,145 55.33 419 0.08 6,066 1.19 62 0.01

Unknown 17,595 3.44 15 0 249 0.05 2 0

VARITY_R_
LOO

Non-pathogenic 290,183 56.7 252 0.05 1,009 0.2 9 0

Pathogenic 177,613 34.71 308 0.06 6,110 1.19 69 0.01

Unknown 3,5734 6.98 117 0.02 347 0.07 3 0

Total # of mutations 503,530 677 7,466 81
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Table 4. Population-level count and proportion of mutations in GENIE v14-public by predicted and
annotated functions
Missense mutations in GENIE v14-public were annotated with OncoKB and other methods evaluated. Counts and
proportions were calculated at the population level, where each unique occurrence of mutation was counted once.

Method/
Database Annotation

OncoKB: Unknown OncoKB: Neutral OncoKB: Oncogenic OncoKB: Resistance
# of
mutations

% of
total

# of
mutations % of total # of

mutations % of total # of
mutations % of total

Alpha
Missense

Non-pathogenic 531,225 44.63 2,277 0.19 9,105 0.76 23 0

Pathogenic 285,513 23.99 1,493 0.13 223,898 18.81 675 0.06

Unknown 122,141 10.26 477 0.04 13,398 1.13 9 0

CADD

Non-pathogenic 464,410 39.02 1,951 0.16 26,116 2.19 16 0

Pathogenic 460,696 38.71 2,249 0.19 216,378 18.18 685 0.06

Unknown 13,773 1.16 47 0 3,907 0.33 6 0

ClinVar

Non-pathogenic 30,103 2.53 717 0.06 323 0.03 0 0

Pathogenic 18,643 1.57 1,071 0.09 145,246 12.2 241 0.02

Unknown 890,133 74.79 2,459 0.21 100,832 8.47 466 0.04

ESM1b

Non-pathogenic 574,574 52.41 2,062 0.19 30,278 2.76 96 0.01

Pathogenic 286,721 26.15 1,426 0.13 141,208 12.88 403 0.04

Unknown 49,818 4.54 614 0.06 9,054 0.83 16 0

EVE

Non-pathogenic 198,217 18.08 1,317 0.12 26,819 2.45 153 0.01

Pathogenic 119,842 10.93 899 0.08 99,835 9.11 208 0.02

Unknown 593,054 54.1 1,886 0.17 53,886 4.92 154 0.01

FATHMM

Non-pathogenic 597,977 54.55 2,247 0.2 77,068 7.03 178 0.02

Pathogenic 280,271 25.57 1,793 0.16 94,545 8.62 327 0.03

Unknown 32,865 3 62 0.01 8,927 0.81 10 0
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Mutation
Assessor

Non-pathogenic 496,686 45.31 2,130 0.19 46,565 4.25 368 0.03

Pathogenic 377,468 34.43 1,924 0.18 130,641 11.92 147 0.01

Unknown 36,959 3.37 48 0 3,334 0.3 0 0

PolyPhen2-
HDIV

Non-pathogenic 317,491 28.96 1,179 0.11 24030 2.19 23 0

Pathogenic 530,150 48.36 2,309 0.21 147,294 13.44 476 0.04

Unknown 63,472 5.79 614 0.06 9216 0.84 16 0

PolyPhen2-
HVAR

Non-pathogenic 412,450 37.62 1,590 0.15 33,303 3.04 28 0

Pathogenic 435,191 39.7 1,898 0.17 138,021 12.59 471 0.04

Unknown 63,472 5.79 614 0.06 9,216 0.84 16 0

PrimateAI

Non-pathogenic 476,039 43.42 2,324 0.21 31,795 2.9 13 0

Pathogenic 411,014 37.49 1,766 0.16 148,620 13.56 502 0.05

Unknown 24,060 2.19 12 0 125 0.01 0 0

REVEL

Non-pathogenic 231,694 21.13 592 0.05 13,135 1.2 27 0

Pathogenic 110,298 10.06 757 0.07 69,650 6.35 282 0.03

Unknown 569,121 51.91 2,753 0.25 97,755 8.92 206 0.02

SIFT

Non-pathogenic 37,6741 34.37 1,626 0.15 10,836 0.99 172 0.02

Pathogenic 501,043 45.7 2,411 0.22 160,597 14.65 333 0.03

Unknown 33,329 3.04 65 0.01 9,107 0.83 10 0

VARITY_R_
LOO

Non-pathogenic 543,488 49.58 1,834 0.17 12,415 1.13 29 0

Pathogenic 303,799 27.71 1,654 0.15 157,370 14.36 470 0.04

Unknown 63,826 5.82 614 0.06 10,755 0.98 16 0

Total # of mutations 911,113 4,102 180,540 515
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VEPs can identify pathogenic cancer mutations

As proof-of-concept that VEPs were able to identify pathogenic cancer

mutations, we first compared the distribution of prediction scores outputted by

each method for each subgroup of mutations as annotated by OncoKB. We

conducted this analysis at both the mutation and population levels, scaling

prediction scores from all VEPs to 0-1 and standardizing so that higher scores

indicated higher predicted pathogenicity. At the mutation level, all methods

predicted that benign dbSNPs had significantly lower scores compared to

oncogenic mutations annotated by OncoKB, demonstrating their ability to

distinguish benign versus pathogenic mutations in cancer (Tukey’s test p-val <

0.001, Figure 12A). Interestingly, mutations in GENIE annotated as neutral or

unknown/VUSs by OncoKB had significantly higher scores than known benign

mutations, suggesting that there were potential unannotated drivers (Figure 12A)

and helping to explain the difficulty most VEPs had in annotating neutral

mutations (Tables 3-4). Across all methods, oncogenic mutations in TSGs had

higher predicted scores compared to those in OGs. This observation aligns with

previous study showing that activating OG mutations are significantly less

well-predicted than inactivating mutations in TSGs155,156 and partially explains the

weak correlation between VEPs’ predictions and OncoKB annotations (Figure

11). Similar results were observed at the population level (Figure 12B).

We noted that at both mutation and population levels, certain methods,

such as AlphaMissense and VARITY, achieved larger separations in predicted

score means between known benign and known oncogenic mutations compared
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to other methods, potentially indicating better performance (Figure 12). To

quantify and compare performance of VEPs in annotating known oncogenic and

non-oncogenic dbSNP variants, we calculated AUROC for each method and

compared them using DeLong’s test.

We found that across four main approaches, at both mutation and

population levels, the ensemble and deep learning-based methods outperformed

the evolution-based methods in predicting both TSG and OG oncogenic

mutations (Figure 13). Notably, AlphaMissense significantly outperformed other

deep learning-based methods as well as other best-in-class methods in

predicting pathogenic mutations, achieving best AUROC of 0.979 and 0.980 for

annotating oncogenic mutations in OGs and TSGs at the population level

respectively (Figure 13B). Among the ensemble methods, VARITY and REVEL,

both trained on human-curated data outperformed CADD, which was trained on

weak population-derived labels (Figure 13). Among the evolution-based

methods, EVE, the only unsupervised deep learning method in this class,

outperformed others at the population level (AUROC of 0.833 and 0.919 for OGs

and TSGs respectively); however, SIFT, the oldest method in this class, did not

fall far behind (AUROC of 0.815 and 0.905 for OGs and TSGs, respectively),

attesting to the merit of SIFT’s evolutionary conservation approach in predicting

pathogenicity (Figure 13). Among two PolyPhen2 models, which integrated

evolution and protein structure information, PolyPhen2-HVAR outperformed

PolyPhen2-HDIV in all evaluation contexts (best AUROC of 0.931 compared to

0.909 in predicting oncogenic mutations in TSGs at the population level, Figure
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13B) even though the predictions of these two models were highly correlated

(Figure 11). The superior performance of PolyPhen2-HVAR in annotating cancer

mutations could be due to its training on disease-causing mutations and

non-disease-related nsSNPs, many of which may be related to cancer, whereas

PolyPhen2-HDIV was trained on Mendelian diseases-related mutations that were

less relevant to cancer.

Finally, this analysis highlights the discrepancy in method performance in

predicting TSG and OG pathogenic mutations. As predicted by the higher

predicted score means in TSG oncogenic mutations versus OG (Figure 12), all

methods had higher AUROC when predicting TSG mutations. This finding was

further corroborated by the higher sensitivity in TSG compared to OG across all

methods (Figure 14). However, within each gene group, sensitivity further varied

at the gene level (Table 5), which can potentially result from overrepresentation

of certain genes in human-curated training data.

Taken together, these results demonstrate that VEPs were able to identify

pathogenic mutations in cancer, with deep learning-based methods, especially

AlphaMissense, outperforming other methods. The use of manually-curated data

in training ensemble methods such as VARITY and REVEL did result in superior

performance compared to methods trained on weak population-derived labels,

even though concerns about generalizability remained. Furthermore, oncogenic

mutations in TSGs were predicted more accurately compared to those in OGs.
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Figure 12. Prediction scores of missense mutations and benign dbSNPs
Distribution of prediction scores from benign dbSNPs and missense mutations in
GENIE v.14-public, broken down by their occurrence in oncogenes (OG), tumor
suppressor genes (TSG) or genes that act as both (OG/TSG). For most VEPs,
scores are in the range of 0-1, with higher scores suggest higher predicted

65



pathogenicity. For ease of comparison, scores from methods with different
ranges, including CADD, MutationAssessor, FATHMM and ESM1b, were scaled
to the 0-1 range. For methods where lower scores indicated higher pathogenicity,
the difference between 1 and the (scaled) prediction scores was plotted. Boxplots
depict means +- interquartile ranges.
Pairwise differences in means between groups were tested for significance using
Tukey’s range test and p-values were corrected for multiple hypothesis testing
using the Benjamini-Hochberg method. Asterisks on brackets depict significance
levels of q-value.

A. Score distributions at the mutation level, in which each unique mutation is
included once.

B. Score distributions at the population level, in which all occurrences of
missense mutations are included.

Figure 13. Areas under receiver operating curves for VEPs
Significant differences in AUCs were tested using DeLong’s tests and p-values
were corrected with the Benjamini-Hochberg procedure. Within each class of
approach, pairwise tests were performed between the best-in-class method and
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all other methods, with significant differences denoted with black asterisks.
Additionally, across-class pairwise tests were performed between each
best-in-class method and the overall best method, with significant differences
denoted with red asterisks.

A. Mutation-level AUROC for each method were calculated using all 8,033
missense mutations in either OGs or TSGs as the positive class and
10,000 dbSNPs as the negative class.

B. Population-level AUROC for each method were calculated using all
occurrences of missense mutations in either OGs or TSGs as the positive
class and up-sampled 10,000 dbSNPs as the negative class.

Figure 14. True positive rates (TPR) of VEPs in all GENIE-sequenced genes
TPR is defined as the number of known oncogenic mutations accurately
annotated as pathogenic by each method divided by the total number of known
oncogenic mutations.
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Table 5. TPR of methods at gene level for genes with more than 100 unique oncogenic
mutations in the GENIE v14-public cohort

68

Gene TP53 DNMT3A PTEN EGFR PIK3CA SMAD4 CDKN2A ATM VHL PDGFRA BRAF KEAP1 KRAS BRCA1

Type TSG TSG TSG OG OG TSG TSG TSG TSG OG OG TSG OG TSG

# Oncogenic
mutations 807 460 387 207 199 153 143 141 130 127 122 112 109 104

Alpha
Missense 73.1 93.0 95.4 66.2 82.4 99.4 72.7 57.5 87.7 85.8 91.8 94.6 93.6 65.4

CADD 64.1 94.8 91.7 71.0 72.4 96.1 79.7 83.0 88.5 90.6 88.5 92.0 91.7 88.5

ClinVar 41.0 4.6 28.4 14.0 33.7 15.0 25.9 20.6 50.0 7.1 41.0 NA 37.6 2.9

ESM1b 73.5 89.6 95.1 65.2 38.7 99.4 77.6 53.2 29.2 86.6 0 75.9 94.5 66.4

EVE 73.9 64.8 74.9 49.3 17.6 97.4 NA 68.8 53.1 NA NA NA 51.4 82.7

FATHMM 100 75.0 99.7 34.3 10.6 89.5 34.3 31.2 100 84.3 19.7 28.6 57.8 82.7

Mutation
Assessor 84.4 77.0 91.0 50.2 47.2 98.7 27.3 86.5 77.7 50.4 51.6 67.9 72.5 76.0

PolyPhen2-
HDIV 86.5 93.0 88.9 84.1 82.4 94.8 93.0 90.8 95.4 96.9 NA 95.5 86.2 72.1

PolyPhen2-
HVAR 82.4 88.0 84.0 75.4 68.3 92.8 85.3 85.1 90.0 95.3 NA 92.9 78.0 44.2

PrimateAI 30.4 97.6 99.7 69.1 99.5 100 35.7 49.7 88.5 92.1 95.9 86
.6 100 31.7

REVEL 77.5 49.1 71.3 39.1 49.3 77.8 54.6 46.8 66.2 44.9 66.4 76.8 63.3 45.2

SIFT 85.9 88.0 92.5 71.5 61.8 98.7 79.7 83.7 32.3 92.1 18.9 85.7 92.7 90.4

VARITY_R_
LOO 90.5 94.4 95.9 89.4 84.9 100 69.9 68.8 100 87.4 NA 93.8 100 81.7



VEPs can identify unannotated driver mutations

Reclassified pathogenic variants occur at binding residues

We next investigated the ability of VEPs to identify unannotated driver

mutations from the large pool of detected VUSs. We used multiple angles to

evaluate whether VUSs classified as pathogenic by VEPs had potential

functional effect in cancer, including whether they affected protein binding sites,

correlated with patient outcomes and followed expected patterns of driver mutual

exclusivity.

Pathogenic mutations can alter protein function by disrupting interactions

with other proteins and ligands157. We sought to provide structure-based

evidence for the function of reclassified pathogenic variants by probing whether

these variants may lead to disruption of ligand or protein-protein binding. To that

end, we identified and annotated mutations in GENIE that occurred at residues

known to be involved in ligand binding and protein-protein interactions (“binding

residues”) for proteins with available crystal structures.

Mutations affecting binding residues in all genes were significantly more

likely to be annotated as oncogenic by OncoKB (Fisher’s test, p-value < 0.001,

Figure 15A). Among VUSs, all VEPs predicted significantly more binding residue

mutations to be pathogenic compared to non-binding ones. In genes with the

highest number of binding residues, including TP53 and KEAP1, binding residue

mutations were more likely to be reclassified as pathogenic, whereas non-binding

residue mutations were more likely to be reclassified as benign (Figure 15A).

This result suggests that the disruption of ligand or protein-protein interactions at
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these critical binding residues may contribute to the pathogenic nature of these

reclassified pathogenic variants.

Figure 15. Reclassified pathogenic mutations occur at ligand-binding
residues and protein-protein interaction (PPI) hotspots
Frequency and annotation of missense mutations occurring at binding residues
(either ligand binding or PPI hotspots, see Supplemental Appendix) or
non-binding residues of genes with high number of binding residues in

A. GENIE v14-public pan-cancer cohort,
B. MSK-IMPACT NSCLC cohort.

Asterisks denote significance (q-value <= 0.1) in Fisher’s exact tests. Numbers at
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the bottom of barcharts indicate the number of unique mutations represented in
each bar. OncoKB groups include all missense mutations, whereas variant effect
predictor groups only include VUSs.

Association between reclassified pathogenic variants and overall survival in

non-small cell lung cancer

Alterations in cancer genes can serve as prognostic markers across

different cancer types4. To study the impact of VUS by classification scheme on

OS, we focused on non-small cell lung cancer (NSCLC), the world’s leading

cause of cancer mortality158 and the cancer type most common in our tumor

genomic sequencing cohort. In patients with NSCLC, mutations in multiple

genes, including KRAS, STK11 and KEAP1, have been associated with worse

OS159–162. We investigated whether reclassified pathogenic variants were

associated with overall survival in NSCLC using two cohorts of patients: 8,690

patients with MSK-IMPACT clinical sequencing and 977 non-MSK patients from

the GENIE BPC NSCLC cohort.

To identify the association between reclassified pathogenic variants and

outcome, we stratified patients based on gene-level pathogenicity annotations

and compared overall survival between groups using Cox’s proportional hazard

(PH) models (Methods). To balance the differences in demographic, clinical and

genomic covariates between comparison groups, we calculated inverse

probability of treatment weights (IPTW) based on variables that could influence

OS, including sex, age, stage, NLP-derived metastasis and treatment status, as

well as TMB and MSI status (Figure 16). We weighted each case using the

calculated weights before fitting Cox PH models or KM curves.
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Figure 16. Balance of covariates between patient strata using IPTW
Absolute mean differences between clinical and demographic covariates in four
groups of patients stratified by KEAP1 mutational status before and after IPTW.
IPTW helped achieve balance in variables with large imbalance between groups,
such as TMB high status.

Known oncogenic variants3 in several genes were associated with worse

OS, controlling for tumor burden, treatment, and other features. VUSs in KEAP1

and SMARCA4 annotated pathogenic by multiple methods were also associated

with worse OS, while those annotated as likely benign were associated with

better outcome, suggesting meaningful discrimination among VUSs by

computational methods (Figure 17). These findings were consistent in both the

MSK-IMPACT and non-MSK GENIE BPC cohorts (Figure 17). The higher OS

risks in patients with reclassified pathogenic mutations in these two genes were

comparable with the risks associated with known oncogenic mutations (Figure

18A), while patients with reclassified benign mutations from most VEPs in these

genes had similar OS risk compared to those with no mutation (Figure 18B).

However, patients with KEAP1 reclassified benign mutations identified by CADD,
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FATHMM and PrimateAI had significantly worse OS compared to patients without

KEAP1 mutations, suggesting that these methods may not be as sensitive in

identifying pathogenic VUSs compared to other VEPs (Figure 18B).

Looking closely at the distributions of mutations, we observed that

reclassified pathogenic mutations in KEAP1 occurred throughout the four

domains of the protein, whereas VUSs were observed in the N-terminus (Figure

19A). In SMARCA4, reclassified pathogenic mutations were concentrated in the

functional SNF2 family N-terminal and helicase domains of the protein, where

there were few reclassified benign mutations (Figure 19B). NSCLC-specific

reclassified pathogenic mutations in KEAP1 and SMARCA4 also occurred at

binding residues, suggesting a potential mechanism for their pathogenicity

compared to reclassified benign mutations (Figure 15B).
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Figure 17. OS stratified by reclassified mutation status

Weighted OS hazard ratios (from time of diagnosis left truncated at time of sequencing) of patients harboring
reclassified oncogenic mutations compared to patients without mutation in commonly mutated genes in non-small
cell lung cancer (NSCLC). Patients were from MSK-IMPACT NSCLC (N=8,690) and AACR GENIE Biopharma
Collaborative NSCLC (N=977) cohorts.

Inset: Weighted KM curves comparing OS from time of diagnosis left-truncated at time of sequencing of patients
based on KEAP1 mutations annotation in the MSK-IMPACT NSCLC cohort. KM curves were truncated at 5 years.
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Figure 18. Cox PH coefficients of reclassified mutations versus known
oncogenic mutations or no mutation

A. OS hazard ratios of patients with reclassified pathogenic mutations
compared to patients with oncogenic mutations were obtained from
weighted Cox PH models.

B. OS hazard ratios of patients with reclassified benign mutations compared
to patients with no mutation in a given gene were obtained from weighted
Cox PH models.
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Figure 19. Lollipop plots of VUSs reclassified as pathogenic or benign by
AlphaMissense
Amino acid-level changes resulting from AlphaMissense-reclassified pathogenic
mutations in the MSK-IMPACT NSCLC cohort are plotted for A. KEAP1, B.
SMARCA4, C. ERBB4 and D. IRS2. The most commonly mutated residues are
labeled.
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Concurrent mutations in certain gene combinations may worsen survival in

an additive manner, as is known for STK11 and KEAP1 in NSCLC160. To test

whether AlphaMissense reclassified pathogenic variants in STK11 and KEAP1

were similarly associated with worse survival, we compared OS of patients with

double KEAP1 and STK11 reclassified mutations with patients with single

reclassified mutation and patients without any mutation in these two genes. We

found that patients harboring both KEAP1 and STK11 AlphaMissense mutations

had worse OS compared to those with reclassified pathogenic mutations in either

genes, as well as those with no mutation in these two genes (Figure 20A). This

result further suggests that the KEAP1 and STK11 reclassified variants from

AlphaMissense followed expected patterns of additive prognostic significance,

suggesting biologic validity. A similar pattern was observed in patients carrying

concurrent KEAP1 and STK11 known oncogenic mutations (Figure 20B).

Figure 20. OS of patients with concurrent STK11 and KEAP1 mutations
A. KM curves comparing patients with concurrent AlphaMissense-reclassified
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pathogenic KEAP1 and STK11 mutations versus reclassified pathogenic
mutations in either gene or without any mutations.

B. KM curves comparing patients with concurrent OncoKB oncogenic KEAP1
and STK11 mutations versus oncogenic mutations in either gene or
without any mutations.

Beyond KEAP1 and SMARCA4, mutations reclassified as pathogenic by

AlphaMissense in MET were also associated with worse OS, while reclassified

pathogenic mutations in NF1 were associated with better OS compared to no

mutations; however, these findings were not replicated in the non-MSK GENIE

BPC cohort likely due to low numbers (Figure 17).

Reclassified pathogenic variants follow mutual exclusivity pattern within

oncogenic pathways

Oncogenic mutations in genes within the same oncogenic signaling

pathway tend to not co-occur in the same patient due to functional

redundancy163,164. In NSCLC, oncogenic mutations in the RTK/RAS, NRF1 and

TP53 pathways have been shown to exhibit mutual exclusivity164. To demonstrate

that reclassified pathogenic mutations have comparably pathogenic effect on a

pathway as known oncogenic mutations, we aimed to identify whether

reclassified pathogenic mutations were mutually exclusive with other known

oncogenic mutations in these pathways within the MSK-IMPACT NSCLC data.

To this end, we identified genes in a given pathway whose reclassified

pathogenic mutations were mutually exclusive with other oncogenic mutations in

the same pathway using two-sided Fisher’s exact tests. Then, for each method

and each pathway, we divided the number of genes with mutually exclusive

reclassified pathogenic mutations by the total number of genes in the pathway,

78

https://sciwheel.com/work/citation?ids=58861,5052270&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=5052270&pre=&suf=&sa=0


resulting in the percentage of one-versus-all mutual exclusivity for each pathway

and method combination (Figure 21A). All methods were able to annotate

mutations that exhibit mutual exclusivity with other oncogenic mutations in all

three pathways (Figure 21A).

Notably, within the NRF2 pathway, KEAP1 VUSs reclassified as

pathogenic by any methods were mutually exclusive with oncogenic mutations in

KEAP1, NFE2L2 and CUL3, whereas KEAP1 VUSs reclassified as benign by

most VEPs tended to co-occur with other oncogenic mutations in the pathway

(Figure 21C). It is noteworthy that KEAP1 reclassified benign mutations as

identified by CADD, ESM1b, FATHMM and MutationAssessor were also mutually

exclusive with other NRF2 oncogenic mutations, which supported the previous

observation that patients with KEAP1 reclassified benign mutations identified by

CADD and FATHMM had significantly worse OS than patients without KEAP1

mutations (Figure 18B) in highlighting the lower sensitivities of these methods in

annotating KEAP1 variants.

Similarly, all VEPs except for MutationAssessor were able to identify

reclassified pathogenic mutations in ATM and TP53 that were mutually exclusive

with other oncogenic mutations in the TP53 pathway (Figure 21A). The pattern

of mutual exclusivity in TP53 and ATM reclassified pathogenic mutations was not

observed in reclassified benign mutations in the same genes (Figure 21B).

Within the RTK/RAS pathway, the number of genes with mutually

exclusive reclassified pathogenic mutations varied by methods. AlphaMissense

identified reclassified pathogenic mutations in NF1, ERBB4 and IRS2 as mutually
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exclusive with other oncogenic mutations in the pathway (Figure 21A). However,

reclassified benign mutations in other RTK/RAS pathway genes, including

ERBB4 and IRS2, were also mutually exclusive with known oncogenic mutations

(Figure 21B). This finding suggests that there are potential drivers in RTK/RAS

pathway genes that require more thorough annotation to identify, potentially by

integrating biological knowledge of the pathway with other computational

approaches.

Figure 21. Mutual exclusivity of mutations in oncogenic signaling pathways
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A-B. One-versus-all mutual exclusivity for each gene in a pathway is determined
using a two-sided Fisher’s exact test. Mutual exclusivity percent for each
pathway is then calculated as the number of FDR-corrected significant tests
divided by the total number of tests.

A. One-versus-all mutual exclusivity between reclassified pathogenic
mutations of each gene and known oncogenic mutations in all other genes
in a given pathway.

B. One-versus-all mutual exclusivity between reclassified benign
mutations/VUSs of each gene and known oncogenic mutations in all other
genes in a given pathway.

C. Alteration frequencies and overlap of AlphaMissense reclassified
pathogenic mutations (red) with oncogenic alterations of genes in the
same pathway (blue) in MSK-IMPACT NSCLC cohort.
Inset: Oncoprint of genes in the NRF2 pathway. KEAP1 reclassified
mutations, similar to KEAP1 oncogenic mutations, are mutually exclusive
with other oncogenic mutations in NFE2L2 and CUL3. See Supplemental
Appendix for details.

We observed that VUSs in ERBB4 and IRS2 that were classified as

pathogenic by AlphaMissense occurred frequently in samples with high TMB,

whereas known oncogenic mutations in the RTK/RAS pathway occurred more

frequently in TMB-low samples (Figure 22A). To extricate the influence of TMB

status on the observed mutual exclusivity, we used logistic regressions to

describe the relationship between ERBB4 or IRS2 reclassified pathogenic

mutations and other RTK/RAS oncogenic mutations while controlling for TMB

status. We found that RTK/RAS oncogenic mutations were independently

mutually exclusive with both reclassified pathogenic mutations in ERBB4 and

TMB-H status (Figure 22B). IRS2 reclassified pathogenic mutations were

negatively associated with RTK/RAS oncogenic mutations when controlling for

TMB-H status; however, this negative association was not significant, likely due

to the small number of samples harboring these mutations. A similar pattern was

observed with ERBB4 or IRS2 reclassified benign mutations (Figure 22C),
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further suggesting that there remained potential, unannotated drivers within these

two genes.

Figure 22. Mutations in ERBB4 and IRS2 are mutually exclusive with
RTK/RAS oncogenic mutations independent of TMB-H status

A. Coefficients for TMB-H status regressed on either RTK/RAS oncogenic
mutations or AlphaMissense reclassified mutations in ERBB4 and IRS2.
AlphaMissense reclassified pathogenic mutations in ERBB4 and IRS2 are
positively correlated with TMB-H status, suggesting they occur more
frequently in TMB-H samples, whereas RTK/RAS known oncogenic
mutations are observed frequently in TMB-low samples.

B. Coefficients for TMB-H status and AlphaMissense pathogenic mutations in
either IRS2 or ERBB4 regressed on RTK/RAS oncogenic mutations.

C. Coefficients for TMB-H status and AlphaMissense benign mutations in
either IRS2 or ERBB4 regressed on RTK/RAS oncogenic mutations.
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To summarize, KEAP1, ATM and TP53 reclassified pathogenic mutations,

and not reclassified benign mutations, followed expected patterns of mutual

exclusivity within their respective oncogenic pathways, which aligns with previous

knowledge of these pathways164 and supports their biological validity. The

observed pattern of mutual exclusivity between RTK/RAS oncogenic mutations

and ERBB4 or IRS2 reclassified pathogenic mutations may reflect the driver

potentials of these reclassified mutations, but further investigations with larger

sample sizes are warranted to confirm its significance. Furthermore, the mutual

exclusivity pattern observed in reclassified benign mutations by some methods

suggest that there are false negatives, suggesting a potential avenue for

improvement. Taken together, we demonstrated that pathway mutual exclusivity

can serve as an additional benchmark for VEP performance in predicting cancer

driver variants.

Discussions

This study evaluated VEPs in annotating somatic cancer variants and

characterized reclassified pathogenic mutations for their potential oncogenicity

using multiple approaches, including their potential effects on ligand binding and

protein-protein interactions, mutual exclusivity pattern with other oncogenic

mutations in the same pathway, and prognostic effect on OS.

Leveraging a large pan-cancer multi-institutional cohort and known benign

dbSNPs, we found that VEPs could effectively distinguish between benign and

pathogenic mutations in cancer, with better accuracy for TSGs than OGs. Among

four main classes of VEP approaches, ensemble and deep-learning methods had
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consistently better performance compared to evolution-based approaches. The

large number of features that ensemble and deep learning methods included in

their models likely contributed to their superior performance and allowed them to

predict pathogenicity of variants occurring in regions with low sequence

homology and/or in proteins without known crystal structures. Among the

ensemble methods, the two supervised VEPs trained on ClinVar or other

human-curated labels outperformed CADD, which was trained on weak labels

derived from population frequency. The improved performance of VARITY and

REVEL compared to CADD could reflect upward bias due to data leakage, as

their performances were evaluated on well-annotated variants that they were

likely trained on. Despite the concern about data leakage bias affecting method

evaluation, the superior performance of deep learning unsupervised methods or

methods supervised by weak labels, including AlphaMissense, ESM1b, EVE and

PrimateAI, suggests other viable and less biased alternatives for annotating

novel variants. In particular, deep learning methods that explicitly incorporate

both evolutionary and protein structure information, including AlphaMissense and

PrimateAI, performed better than deep learning methods that only incorporate

one modality of feature, suggesting that evolution and protein structure offer

orthogonal information that is helpful for inferring variant pathogenicity.

We explored three different prongs to validate VEP predictions of VUS

pathogenicity in cancer. First, structural analysis for proteins with available crystal

structures revealed that mutations at binding residues were more likely to be

pathogenic, offering functional evidence for certain reclassified pathogenic VUSs.
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Second, we identified that reclassified pathogenic variants in KEAP1 and

SMARCA4 were associated with worse OS in NSCLC. The hazard ratios of

patients harboring reclassified pathogenic mutations relative to patients with no

mutation were comparable to those of known oncogenic mutations and much

higher than those of reclassified benign mutations in these genes, thus

suggesting that VEPs were able to meaningfully distinguish between functionally

different VUSs. These findings further contribute to the growing literature on the

mutational landscapes and prognostic roles of KEAP1160,161,165 and SMARCA4166

in NSCLC, as well as emphasize the potential clinical relevance of VUSs in

annotating variants in cancer. Finally, the study explored mutual exclusivity

patterns, demonstrating that reclassified pathogenic mutations followed expected

patterns within oncogenic pathways. The mutual exclusivity pattern followed by

KEAP1 reclassified pathogenic mutations, but not reclassified benign mutations,

with other known oncogenic mutations in the NRF2 pathway further suggest the

biological validity of KEAP1 VEP annotations. Furthermore, we found that

reclassified pathogenic mutations in ERBB4 and IRS2 were mutually exclusive

with other known oncogenic mutations in the RTK/RAS pathway. However,

multiple issues may complicate the interpretation of this finding. First, reclassified

benign mutations in ERBB4 and IRS2 were also mutually exclusive with other

RTK/RAS oncogenic mutations, suggesting that the VEPs had low sensitivity in

annotating activating mutations in these two genes in particular, and in OGs in

general. Second, ERBB4 and IRS2 VUSs occurred more frequently in samples

with high TMB, and even though their mutual exclusivity with other RTK/RAS
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oncogenic mutation remained significant when controlling for TMB status, the

small number of samples with these mutations makes it difficult to conclude how

TMB influenced the mutational patterns. Finally, few oncogenic ERBB4 and IRS2

mutations have been reported in NSCLC167–169, making the interpretation of these

novel variants less certain. However, the mutual exclusivity pattern observed in

ERBB4 and IRS2 suggests that there are potentially pathogenic variants in these

genes and thus helps prioritize reclassified pathogenic mutations occurring in

samples without obvious oncogenic drivers for functional validation. Taken

together, these findings underscore the potential of VEPs in identifying

pathogenic mutations in cancer and propose new benchmarks for VEP

performance in predicting cancer driver variants.

Our study has limitations. The genomic data from GENIE came from

multiple contributing cancers with their own sequencing pipelines, the majority of

which were tumor-only sequencing. Even though all data went through a rigorous

germline SNP filtering pipeline before public release, it is possible that there

remained private SNPs in the data, which may have artificially inflated the

number of more easily characterizable VUSs in a given dataset, although this

would reflect a clinical reality of such SNPs appearing in tumor-only sequencing

assays. Furthermore, the different mutation calling pipelines used by each center

can result in heterogeneity in which mutations were called and therefore

analyzed in this study. The MSK-IMPACT and GENIE BPC cohorts, though richly

annotated, remain small, and therefore may not be sufficiently powered to

discover rare driver variants in less commonly mutated genes or assert the
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association between these putative drivers and outcomes. Finally, the

approaches we proposed to validate VEPs’ predictions may not be applicable to

all cancer types. Future work will focus on validating high-confidence reclassified

pathogenic VUSs and identifying other potential benchmarks for VEP predictions,

such as biallelic inactivation170, which can further improve the utility of VEPs in

studying cancer biology and discovering novel targets.

Methods

Patients and data collection

This study analyzed patients with tumor genomic sequencing from two

sources: The MSK-IMPACT cohort and the AACR Project GENIE cohort, which

includes patients from the MSK-IMPACT cohort.

GENIE

Details of the AACR Project GENIE cohort have been published

previously74. In short, the pan-cancer registry contains genomic and clinical data

from 11 international institutions. In this study, we analyzed data from the

v.14-public release, which consists of genomic data for 183,302 tumors from

160,965 patients. For genomic landscape analyses involving gene-level counts,

only patients with tumor sequencing panels including a given gene of interest

were included in the respective analysis.

MSK-IMPACT

The MSK-IMPACT cohort comprised patients at Memorial Sloan Kettering

(New York, NY), an academic cancer hospital with tumor genomic sequencing

using MSK-IMPACT, an FDA-authorized tumor genomic profiling assay, which
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uses matched white blood cell sequencing to filter clonal hematopoietic and

germline variants. All MSK patients were enrolled as part of a prospective

sequencing protocol (NCT01775072). The study was independently approved by

the Institutional Review Board of each site. Patients provided written, informed

consent and were enrolled in a continuous, nonrandom fashion. Data here is

from a February 15, 2023 snapshot, consisting of 11,649 samples from 8,690

patients with NSCLC.

For patients in the MSK-IMPACT cohort, demographic and clinical

information, including tumor stage, age, sex, race and histology were retrieved

from the electronic health records database. Smoking history, prior treatment and

metastatic events were abstracted from clinical notes using previously validated

NLP methods171–174. Tumor mutation burden per sample was calculated as the

total number of nonsynonymous mutations divided by the actual number of bases

analyzed, and samples with TMB >= 10 mut/Mb were defined as TMB-high.

MSI-H status was defined for each sample by an MSIsensor score >10 175.

GENIE BPC

Genomic and clinical data for a subset of patients with non-small cell lung

cancer in the AACR GENIE cohort have been recently published as part of the

AACR GENIE Biopharma Collaborative (BPC)37. Out of 1,846 patients from four

contributing institutions in the cohort, we included all 977 patients from

Dana-Farber Cancer Institute, Vanderbilt-Ingram Cancer Center and Princess

Margaret Cancer Centre-University Health Network with single-primary NSCLC in

our analysis cohort. All MSK patients were included in the MSK-IMPACT cohort.
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For survival analyses involving gene-level cohorts, only patients with tumor

sequencing panels including a given gene of interest were included in the

respective analysis.

Genomic landscape

Genomic data, including mutational calls, copy number alteration and

structural variant data, for the GENIE v14-public cohort were obtained from

Synapse. All genomic alterations were annotated with OncoKB version 4.2

(release date February 10, 2023). Genes were labeled as OGs or TSGs using

the OncoKB Cancer Gene List (updated October 2, 2023). For genomic

landscape analyses involving gene-level counts, only patients with tumor

sequencing panels including a given gene of interest were included in the

respective analysis.

Predicting known pathogenic variants

We evaluated the performance of 11 variant function prediction (VEP)

methods and one human variant archive for recapitulating known oncogenic

cancer variants as annotated by OncoKB, the first FDA-recognized somatic

molecular knowledge database for this purpose. Methods were chosen to be

included based on their novelty (including methods with recent release dates e.g.

AlphaMissense, PrimateAI and ESM1b, as well as novel methodology to an old

approach e.g. EVE’s deep generative model to predict pathogenicity based on

evolutionary conservation), superior performance compared to other methods in

the same class (e.g. REVEL and CADD outperformed other VEPs in multiple

comparison studies94,95, while VARITY_R_LOO’s performance was better than 12
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other VEPs and comparable to AlphaMissense in certain evaluation tasks109),

specific relevance to cancer (FATHMM implements cancer-specific pathogenicity

weight112 and MutationAssessor previously demonstrated utility in annotating

cancer variants107), as well as historical significance and popularity (SIFT and

PolyPhen2 are among the earliest VEPs and have the highest number of

citations to date96). A brief description of the methods/database is presented in

Table 2.

Non-oncogenic Variants

Non-oncogenic missense mutations were randomly selected from the

dbSNP Human Variation Sets build 150 (April 2017) labeled as having “no known

medical impact” (retrieved from https://ftp.ncbi.nlm.nih.gov/pub/clinvar/

vcf_GRCh37/archive_1.0/2017/). This dataset includes variants with germline

minor allele frequency of ≥ 0.01 and no records of clinical phenotypes in ClinVar.

We randomly selected 10,000 variants and annotated them with the same

methods as described below. These non-oncogenic variants served as the

negative class in subsequent analyses.

Annotation schema

OncoKB annotations were performed with version 4.2 (released February

10, 2023). Prediction scores for all VEPs and ClinVar were obtained from

dbNSFP154 v4.6 (released February 18, 2024). Categorization of variants into

pathogenic, non-pathogenic or uncertain, obtained by imposing predetermined

cutoff thresholds on the predicted functional scores, was also provided by

AlphaMissense, FATHMM, MutationAssessor, PolyPhen2 and SIFT. For VEPs in
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this category, we used off-the-self classifications provided by these methods. The

rest of the evaluated VEPs required additional steps to determine the appropriate

variant classification from predicted scores.

First, EVE provides variant classifications at different degrees of

uncertainty, aiming to maximize accuracy by excluding variants that the model is

uncertain about. For example, a Class25 EVE classification means that 25% of

the most uncertain variants were excluded when making predictions113. To

identify the degree of uncertainty that would maximize accuracy in our data, we

compared the AUROCs for classifying known oncogenic mutations from benign

dbSNPs and selected the uncertainty threshold that resulted in the highest

AUROC. Finally, for VEPs that provided prediction scores but not off-the-shelf

classification or recommended score cutoffs for classifications, including CADD,

ESM1b, PrimateAI, REVEL and VARITY, we manually identified cutoff thresholds

to classify pathogenic and non-pathogenic mutations. To identify cutoff, for each

method, we set up a binary classification task in which known oncogenic

mutations from the dataset represented the positive class, and the benign

dbSNPs represented the negative class. We then calculated the sum of

sensitivity and specificity of each method at different thresholds and identified the

optimal cutpoint as the threshold where this sum was maximized. In cases where

more than one cutpoint were found, we used their median as the final threshold.

After cutoffs were determined, we applied them to the VEPs’ predicted

scores to stratify variants into categories. For CADD, PrimateAI, REVEL and

VARITY_R_LOO, variants with scores higher than or equal to the determined
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thresholds were classified as pathogenic and vice versa. For ESM1b, variants

with scores smaller than or equal to the determined thresholds were classified as

pathogenic.

We repeated this process for all datasets, resulting in data-specific cutoff

and EVE uncertainty thresholds. The cutoffs used are summarized in Table 6.

Table 6. VEP prediction score cutoffs for variant classifications

GENIE v14 MSK-IMPACT
NSCLC

Non-MSK GENIE
BPC NSCLC

EVE Class90 Class90 Class90

CADD 24 24 23.6

ESM1b -8.96 -9.11 -4.3

PrimateAI 0.67 0.67 0.6

REVEL 0.42 0.42 0.44

VARITY_R_LOO 0.48 0.48 0.66

Receiver operating curves (ROCs)

We performed two ROC analyses, 1. Weighting all positive variants

equally and 2. sampling positive variants from the GENIE cohort, i.e. appearing

proportionally to their frequency in a real-world population, to better understand

method performance in a manner that reflects actual population levels of a given

mutation. In the first analysis, mutation-level ROC for each method was

constructed using 8,033 missense mutations as the positive class and 10,000

dbSNPs as the negative class. In the second analysis, population-level ROCs

were constructed using all occurrences of missense mutations in the GENIE

v14-public cohort as the positive class (N=246,401) and 10,000 dbSNPs as the

negative class. The non-oncogenic mutations were upsampled to match the
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number of oncogenic mutations in the positive class, resulting in a balanced

N=246,401 for each class. Area under the curve and 95% confidence interval

were calculated for each curve.

Ligand binding and protein-protein interaction residues analysis

Residues involved in binding ligands, including small molecules, peptides,

DNA and RNA, were retrieved from BioLiP2176, a curated database of biologically

relevant protein-ligand interactions. Residues important in protein-protein

interactions (PPI), termed PPI hotspots and defined as residues whose

replacements decrease the binding free energy significantly, were retrieved from

PPI-HotspotDB177. We grouped missense mutations in either the GENIE

v14-public or MSK-IMPACT NSCLC cohort into binding residues (including

ligand-binding residues and PPI hotspots) versus non-binding residues. Fisher’s

exact tests were performed to test the enrichment of mutations occurring at

binding residues for being reclassified as pathogenic by different methods.

Pathway analysis

Mutual exclusivity test

Canonical oncogenic pathway level analyses were conducted using

curated pathway templates as previously reported164.

We aimed to identify whether reclassified pathogenic mutations are

mutually exclusive with other known oncogenic mutations, which demonstrates

that reclassified pathogenic mutations have comparably pathogenic effect on a

pathway as known oncogenic mutations. To this end, we calculated one versus

all mutual exclusivity for each gene for patients with NSCLC in the MSK-IMPACT
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cohort. For each test, we first set up a 2x2 contingency table with two variables:

the number of patients carrying reclassified pathogenic mutations in that gene,

and the number of patients carrying oncogenic mutations in all genes within the

same pathway. A two-sided Fisher’s exact test was applied to the contingency

table to test for mutual exclusivity.

An example contingency table used to test for pathway mutual exclusivity

between KEAP1 and all genes in the NRF2 pathway, including KEAP1, CUL3

and NFE2L2, is below:

Mutations in KEAP1

Reclassified
pathogenic

VUSs/no
mutation

Mutations in
KEAP1,
CUL3 and
NFE2L2

Known oncogenic

VUSs/no mutation

In particular, this table was used in a Fisher’s exact test for mutual

exclusivity between KEAP1 and all genes in the NRF2 pathway. Two other tests

were set up to test for mutual exclusivity of NFE2L2 and CUL3 with oncogenic

mutations in NRF2 pathway genes.

The procedure was repeated for all genes present in a given pathway, and

for all eight methods. P-values were adjusted for multiple hypothesis testing

using the Benjamini-Hochberg procedure. Tests with a logOR < 0 and adjusted

p-value <= 0.1 were considered significant for mutual exclusivity. The

pathway-level one versus all mutual exclusivity rate was then calculated for each
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pathway by dividing the total number of significant mutually exclusive tests by the

number of genes in the pathway.

As negative controls, we tested for mutual exclusivity between reclassified

benign mutations and known oncogenic mutations in all genes in a given

pathway using the same procedure.

The role of tumor mutational burden in observed mutual exclusivity

To identify whether ERBB4 and IRS2 AlphaMissense reclassified

pathogenic mutations are mutually exclusive with RTK/RAS oncogenic mutations

independent of TMB-high status, we performed a logistic regression:

RTK/RAS oncogenic mutations ~ AlphaMissense mutations + TMB-H

Where

RTK/RAS oncogenic mutations is 1 if a sample has any oncogenic mutations

in RTK/RAS pathway genes, 0 otherwise

AlphaMissense mutations is 1 if a sample has an AlphaMissense reclassified

pathogenic mutation in a gene of interest (ERBB4 or IRS2), 0 otherwise

TMB-H is 1 if a sample has TMB >= 10 mut/Mb, 0 otherwise

Two independent regressions were run for ERBB4 and IRS2.

Survival analysis

To test the association of gene-level pathogenicity annotations with overall

survival we performed a series of Cox PH models from time of diagnosis to time

of death or last follow-up, left truncated at time of cohort entry (tissue

sequencing). For patients with multiple sequencing events, the first was used as

the time of cohort entry. To adjust for confounding variables between comparison
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groups, inverse probability of treatment weights (IPTW) were calculated using

covariate values at baseline, including tumor stage, age, sex, race, histology,

smoking history, tumor mutational burden (TMB), microsatellite instability status

(MSI), prior treatment and metastatic sites if any, before fitting Cox PH models.

Hazard ratios, 95% confidence interval and p-values for gene-level

associations between a "pathogenic" alteration vs no alteration were computed.

In the MSK-IMPACT cohort, all genes altered in >2% of the cohort were

considered. For each gene of interest, only patients with tumor sequencing

panels including a given gene in the target region were included in the analysis.

The following gene mutation annotation schema was used: For OncoKB, any

alterations annotated as oncogenic or likely oncogenic were used. For all other

databases, any pathogenic alteration considered a variant of unknown

significance in OncoKB (i.e. a "reclassified" pathogenic alteration) was used.

q-values were computed using the Benjamini-Hochberg method; a false

discovery rate 0.1 across all comparisons described in this analysis was used to

determine statistical significance according to a prespecified statistical analysis

plan (see 12-245 Appendix C Project Plan). The GENIE BPC cohort was used as

a confirmation dataset in which only significant associations from the

MSK-IMPACT analysis were tested; q-values were computed similarly but for

only the number of hypotheses tested in the BPC.

Kaplan-Meier curves

Weighted KM curves were constructed to further examine the relationship

between gene-level pathogenicity annotations and overall survival for genes with
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significant hazard ratios in univariate weighted Cox PH models. Similar to the

Cox PH regressions, KM curves were calculated from time of diagnosis to time of

death or last follow-up, left truncated at time of cohort entry (tissue sequencing).

Patients were stratified based on the presence of OncoKB oncogenic,

‘reclassified’ pathogenic, ‘reclassified’ benign mutations or without any mutation

in each gene of interest. Only strata with ≥ 10 patients were included. KM curves

were weighted using the same IPTWs used for the corresponding Cox PH

regression.

STK11/KEAP1 concurrent mutation analysis

To test whether AlphaMissense reclassified pathogenic variants in STK11

and KEAP1 were similarly associated with worse survival, we compared overall

survival of patients with double KEAP1 and STK11 reclassified mutations with

patients with single reclassified mutation and patients without any mutation in

these two genes. Patients with reclassified pathogenic mutations in both KEAP1

and STK11 are labeled as KEAP1/STK11 double mutants, while patients carrying

only reclassified pathogenic mutations in either gene are labeled as single

mutants for the respective genes. Patients carrying oncogenic mutations in either

genes are excluded from this analysis. Weighted KM curves were constructed as

described above to compare overall survival of patients in these four strata.

All statistical analyses were performed in R version 4.2.2 (2022-10-21).
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CHAPTER 4

DISCUSSIONS & FUTURE WORK

Real-world data (RWD) has the potential to empower studies on cancer

genomics and outcomes due to their feature and temporal complexities, but

multiple challenges hinder their utility in research. In this work, we addressed two

particular challenges that affect the use of clinical and genomic RWD:

unstructured data fields and variant annotation, by developing and benchmarking

the utility of machine learning models in automating data abstraction and

predicting variant effects.

The lack of annotated RWD is a bottleneck in many studies, as it prevents

the studies of important clinical variables. The amount of available genomic data

is growing rapidly due to routine sequencing in clinical care, but the clinical data

from these patients with available genomic data are not growing at the same rate

due to the need for manual curation. Cohorts with both genomic and clinical data

available remain small, with the AACR GENIE BPC projects exemplifying one

effort to make harmonized clinicogenomic datasets publicly available for the

research community. Many clinical variables, such as treatment, metastasis

status and smoking history, provide context for the genomic alterations observed

in sequenced samples and help explain much of the heterogeneity observed in

cancer genomics. Therefore, without complete clinical and demographic

information to accompany the genomic data, discoveries in cancer genomics

could also remain limited. Furthermore, late fusion models incorporating multiple

data modalities have shown significantly improved accuracy in stratifying patients
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and predicting outcomes178,179, further underscoring the need for automated

curation of clinical data. In this work, we demonstrated that the

Clinical-Longformer model fine-tuned on initial visit notes performed well in

inferring whether patients had received treatment outside of MSK, achieving the

AUC of 0.97. When deployed on a large cohort of patients at MSK, the model

identified patients with putative external treatment who had similar genomic

profiles and outcomes compared to patients with known treatment, further

highlighting the importance of properly controlling for treatment status in analyses

to avoid possible confounding effects.

Together with this work, other NLP models have been trained using

GENIE BPC data and deployed on MSK patients to abstract a multitude of

clinical variables, from metastatic sites to smoking status and progression, thus

generating a richly annotated, harmonized dataset including RWD from patients

with multiple cancer types that is many times larger than the original BPC

cohorts179. We demonstrated that models incorporating genomic features and

NLP-derived clinical variables, including external treatment, outperformed models

trained on single classes of data in predicting overall survival179. Future studies

will explore whether addition of more data modalities, such as liquid biopsy and

laboratory data, which are known to have prognostic value180 can further improve

outcome prediction.

The advances in machine learning-based VEPs, particularly in ensemble

models that integrate predictions from multiple methods and deep learning

models that leverage latent information about evolutionary and structural context
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embedded in nucleotide or amino acid sequences, have demonstrated to be

fruitful in identifying cancer driver mutations. We showed that ensemble models

and deep learning models, in particular AlphaMissense, outperformed

homology-based models and supervised models in identifying known cancer

driver mutations, achieving AUROCs as high as 0.977 in predicting

population-level driver mutations in TSGs. Beyond identifying known drivers,

VEPs can meaningfully discriminate putative drivers among other VUSs as

demonstrated by enrichment of reclassified pathogenic VUSs in binding residues

of proteins compared to benign ones. Furthermore, reclassified pathogenic VUSs

in KEAP1 and SMARCA4 identified by several methods were associated with

worse survival in two cohorts of patients with NSCLC, unlike reclassified benign

VUSs. Finally, reclassified pathogenic VUSs exhibited mutual exclusivity with

known oncogenic alterations at the pathway level, further suggesting biological

validity.

VEPs have the potential to accelerate variant interpretation and

prioritization for further functional studies. Future advances in predicting cancer

driver mutations using VEPs need to focus on two main prongs: 1) improving

prediction of driver mutations in OGs, and 2) validating predictions in the cancer

context. Most VEPs do not distinguish between gain-of-function and

loss-of-function mutations in their pathogenicity prediction and often struggle to

predict gain-of-function driver mutations in OGs. We observed that all VEPs have

lower AUROCs in predicting known driver mutations in OGs compared to in

TSGs, and that despite VEPs’ ability to identify KEAP1 VUSs that were mutually

100



exclusive with known driver mutations in the NRF2 pathway, reclassified

pathogenic VUSs in genes within the RTK/RAS pathway, which comprise mostly

OGs, exhibited higher co-occurrence with known drivers. This result suggests

that they may be weak drivers, as is the case with NF1181, or inaccurately

predicted to be pathogenic. The difficulty in predicting pathogenic mutations in

OGs is likely due to the fact that the expected effect of activating mutations on

protein structure may be milder than that of inactivating mutations and therefore

harder to predict using just structural features156. For example, the mutation

L858R activates the kinase activity of EGFR by disrupting interactions that

stabilize its inactive conformation182, which may be difficult to predict without

knowledge of the different conformations of the protein. Therefore, predicting

activating mutations would require better understanding of each protein’s

function, key regulatory residues within these proteins, their interaction partners

and their roles within oncogenic signaling pathways. Initial work incorporating

protein folding information from AlphaFold2 and protein-protein interactions from

the human protein interactome shows promising performance in classifying

gain-of-function and loss-of-function variants, but larger benchmarking sets and

non-human-curated training data are needed to ensure that the method can

generalize to new variants183.

Improvement in computational approaches to predicting variant effects

alone is not sufficient in accelerating cancer driver discovery, as each method will

have its own drawbacks and predictions across methods may not agree, leading

to difficulty and inconsistency in annotating VUSs based solely on computational
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predictions. Therefore, the second prong in realizing VEPs’ utility in cancer

studies is devising a unified framework to validate high-confidence predictions in

the context of cancer. In this work, we proposed that correlation with outcomes

and mutual exclusivity with other known drivers are two important benchmarks in

cancer to consider when validating VEP predictions. These benchmarks have

demonstrated to be useful in providing further evidence to support VEP

predictions; for example, we observed that VUSs predicted to be pathogenic in

certain genes, including KEAP1 and SMARCA4, correlated with worse outcomes

and exhibited mutual exclusivity with other driver genes in the same pathway,

suggesting that they are functionally different from the VUSs predicted to be

benign. However, these benchmarks may not be universally useful to study VUSs

across cancer types. Genomic alterations are not always clear biomarkers of

prognosis, for example in high-grade serous ovarian cancer where gene

expression signature and HRD subtypes are more prognostic than any single

alteration184. Similarly, even though driver mutations in the same oncogenic

pathways are mutually exclusive in NSCLC, the mutual exclusivity patterns are

not alway observed in all pathways and cancer types. For example, PIK3CA and

RAS mutations, which both activate the PIK3CA signaling pathway, can co-occur

in colorectal cancer, even though they are mutually exclusive in NSCLC185.

Therefore, cancer-type specific benchmarks to validate VEP predictions are

needed to ensure that VEP can be used successfully to prioritize candidates in

different contexts; for example, in cancer types where gene expression patterns

are more prognostic than mutations, methods to reconstruct gene expression
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from genomic profiles could be applied to identify how different VUSs affect gene

expressions and subsequently patient outcomes186. By combining available

real-world clinicogenomic data and knowledge about the biology of specific

cancer types, it is possible to develop rigorous, scalable benchmarks to validate

VEP predictions using various lines of evidence and prioritize putative drivers for

functional characterization.

The potentials for real-world validated VEP predictions extend beyond the

analyses in NSCLC presented here. Our understanding of NSCLC biology and

the large amount of available data from patients with NSCLC allowed for

proof-of-concept demonstrations that VEPs could identify putative drivers among

VUSs. These analyses, however, can be extended to other cancer types that are

more rare and/or lacking known driver mutations, which have the potential to

accelerate discovery of driver and targetable alterations. Furthermore, VUSs

annotated as putative drivers in targetable genes could potentially be used to

enroll patients without known drivers in basket clinical trials, thus broadening the

subset of patients who could potentially benefit from targeted therapies. Finally,

similar to how NLP inference could assist with manual curation effort of clinical

variables, VEPs could help with the curation effort of variant effect knowledge

bases such as OncoKB. In silico predictions have been incorporated in the

curation process of OncoKB, but further validations of VEP predictions using

real-world data could provide stronger evidence for certain variants to be

annotated and thus treated as oncogenic mutations. Finally, even though we

used OncoKB labels as ground truth in this study to validate VEP predictions,

103

https://sciwheel.com/work/citation?ids=15993740&pre=&suf=&sa=0


VEP predictions could also be compared to OncoKB labels to identify any

discrepancies, especially false positives, thus improving the accuracy of the

database.

In conclusion, our study highlights the potential of NLP models and

computational VEPs to enhance the utility of oncology RWD. These methods

enable the automated extraction of clinical data elements on a large scale and

provide putative annotations for variants of uncertain significance (VUSs). We

further demonstrated the effectiveness of utilizing outcome association and

mutational patterns from RWD as benchmarks to evaluate the predictions made

by VEPs in the context of cancer. Taken together, these results underscore the

importance of developing methods and benchmarking frameworks to assess and

improve the performance of both NLP models and computational VEP methods

when leveraging oncology RWD. Looking ahead, ongoing refinement and

expansion of these methodologies are crucial, given the evolving landscape of

cancer research and the growing complexity of genomic data. The establishment

of robust benchmarking frameworks will play a pivotal role in ensuring the

accuracy and reliability of these tools, contributing to their broader application

and impact in advancing our understanding of cancer biology and ultimately

improving patient outcomes.
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