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Abstract

Background: KRAS is among the most commonly mutated oncogenes in cancer, and previous
studies have shown associations with survival in many cancer contexts. Evidence from both
clinical observations and mouse experiments further suggests that these associations are allele-
and tissue-specific. These findings motivate using clinical data to understand gene interactions and
clinical covariates within different alleles and tissues.
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Methods: We analyze genomic and clinical data from the AACR Project GENIE Biopharma
Collaborative for samples from lung, colorectal, and pancreatic cancers. For each of these
cancer types, we report epidemiological associations for different KRAS alleles, apply principal
component analysis to discover groups of genes co-mutated with KRAS, and identify distinct
clusters of patient profiles with implications for survival.

Results: KRAS mutations were associated with inferior survival in lung, colon, and pancreas,
although the specific mutations implicated varied by disease. Tissue- and allele-specific
associations with smoking, sex, age, and race were found. Tissue-specific genetic interactions
with KRAS were identified by principal components analysis, which were clustered to produce
five, four, and two patient profiles in lung, colon, and pancreas. Membership in these profiles was
associated with survival in all three cancer types.

Conclusion: KRAS mutations have tissue- and allele-specific associations with inferior survival,
clinical covariates, and genetic interactions.

Impact: Our results provide greater insight into the tissue- and allele-specific associations with
KRAS mutations and identify clusters of patients that are associated with survival and clinical
attributes from combinations of genetic interactions with KRAS mutations.

Introduction

KRAS encodes two, highly related 21 kD monomeric GTPases that function to control
cellular behaviors in response to extracellular stimuli. The on/off state of the KRAS

protein is determined by nucleotide binding, with the GTP-bound form existing in an active
signaling conformation. Missense mutations in KRAS alter the homeostatic balance of GDP
and GTP binding toward the active state, either by reducing GTP hydrolysis or by increasing
the rate of GTP loading (1). KRAS mutations are most common in pancreatic ductal
adenocarcinoma (PDAC), colorectal cancer (CRC), and lung adenocarcinoma (LUAD), the
most common form of non-small cell lung cancer (NSCLC). In each of these diseases,
codon 12 mutations predominate, accounting for nearly 90% of all KRAS mutations,
although non-codon 12 mutations account for a significant proportion of KRAS alleles in
some cancers (2). Experimental studies in mouse models have demonstrated that mutations
at different K-RAS residues exhibit distinct properties at the molecular, cellular, and
organismal levels (3,4).

Both the predictive and prognostic value of KRAS mutations has been studied extensively
in many different cancer contexts. In NSCLC, previous studies have demonstrated that
KRAS mutations are associated with worsened survival, particularly in adenocarcinomas
(5-7). However, the clinical significance of these mutations is still sometimes considered
controversial due to heterogeneity in study populations (6). In CRC, KRAS mutations have
also been negatively associated with overall survival and relapse-free survival in metastatic
cancers, with a more controversial role in non-metastatic cancers (8). Finally, in PDAC,
the RAS signaling pathway has been implicated as a key oncogenic driver, with KRAS
mutations appearing early in the development of this cancer (9).

In some epidemiological studies, the role of different KRAS alleles has been examined. For
example, in CRC patients, codon 12 mutations are typically associated with worse overall
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survival, relative to patients with KRAS wild-type cancers, while codon 13 mutations are
not, and moreover, CRC patients with codon 146 mutations appear to exhibit improved
overall survival relative to patients with other mutations (10-14). These clinical observations
are consistent with our preclinical studies of the relative effects of K-Ras®12D, K-RasG13D,
and K-Ras”6T in mouse models (3,4).

We recently performed a comprehensive data analysis of different tumor types — including
colorectal, pancreatic, and lung — to gain further insight into the mechanisms responsible
for the varying clinical characteristics by mutant allele (2). This analysis revealed distinct,
tissue-specific co-mutation networks for each KRAS allele, which suggests that gene
interactions are both allele-specific and tissue-specific. With clinical data now available,
these findings motivate the search for relationships between gene interactions and clinical
covariates within different alleles and tissues. In this work, we analyze curated data for
NSCLC, CRC, and PDAC tumor samples from the AACR Project GENIE Biopharma
Collaborative, which provides extensive clinical covariates in addition to sequencing data.
We report epidemiological associations within each cancer type for different KRAS alleles
and apply a version of principal component analysis adapted for these data to discover
groups of genes driving mutations with KRAS in each tissue, as well as clusters of patient
profiles with implications for survival.

Materials and Methods

Study design and population

The AACR GENIE (Genomics Evidence Neoplasia Information Exchange) Project
represents one of the largest public cancer genomic releases, consisting of over 154,000
sequenced samples from over 137,000 patients. These samples span 19 institutions and
represent dozens of cancer types. Details on sample collection and targeted gene sequencing
panels can be found in (15). Recently, the GENIE Project and 10 biopharmaceutical
companies have formed the BioPharma Collaborative (BPC) in order to generate rich
clinical data, including information about patients’ attributes, tumor characteristics, drug
treatment exposures, and radiologic and clinical responses, to accompany the genomic
information for 12 of these cancer cohorts. In this work, we use the curated BPC datasets for
NSCLC, CRC, and PDAC, all of which were constructed using the PRISSMM (Pathology,
Radiology, Imaging, Signs, Symptoms, Biomarker and MedOnc notes) data model. Further
details on the data curation process can be found in (16).

The curated NSCLC dataset contains 2,014 tumor samples from 1,849 distinct patients
(Supplementary Figure S1). For patients with multiple samples, we only included the
earliest sequenced NSCLC sample. We further omitted any patients with missing values

in at least one of the included clinical covariates, which are: institution at which the patient
was located (0 missing values); sex (0 missing values); age at diagnosis (0 missing values);
race, categorized as White, Asian, Black, or other (59 missing values); smoking history,
binarized as ever or never (3 missing values); stage at diagnosis (126 missing values);

and histology, categorized as adenocarcinoma, squamous cell cancer, or other (257 missing
values). Finally, we omitted any patients whose sequencing report was obtained after death
or censorship (64 samples). This resulted in a total of 1,436 patients included in our initial

Cancer Epidemiol Biomarkers Prev. Author manuscript; available in PMC 2024 July 09.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Grabski et al.

Page 4

analysis. Further association analyses were then conducted within the subset of 521 patients
with stage 1V adenocarcinomas based on preliminary findings.

The curated CRC dataset contains 1,571 tumor samples from 1,500 distinct patients
(Supplementary Figure S2). As with the NSCLC dataset, we only included the earliest
sequenced CRC sample for each patient, and we omitted any patients with missing values
in at least one of the following clinical covariates: institution at which the patient was
located (0 missing values); sex (0 missing values); age at diagnosis (0 missing values); race,
categorized as White, Asian, Black, or other (70 missing values); and stage at diagnosis (13
missing values). We also omitted any patients whose sequencing report was obtained after
death or censorship (87 samples). This resulted in a total of 1,327 patients in our analysis.

The curated PDAC dataset contains 1,129 tumor samples from 1,109 distinct patients
(Supplementary Figure S3). As before, we included the earliest sequenced PDAC sample
for each patient and omitted those with missing values in at least one of the following
covariates: institution at which the patient was located (0 missing values); sex (0 missing
values); age at diagnosis (0 missing values); race, categorized as White, Asian, Black, or
other (29 missing values); stage at diagnosis (8 missing values); and histology, categorized
as adenocarcinoma and other (401 missing values). We also omitted 63 patients whose
sequencing report was dated after their death or censorship. This resulted in a total of 650
patients in our analysis.

Statistical analysis

To evaluate the association between KRAS mutations and stage at diagnosis, as well as
histology, in the NSCLC cohort, we used multivariate logistic regression models. The
outcome variable in each case was whether or not a KRAS mutation of any kind was
present. We report odds ratios (ORs) and the corresponding 95% confidence intervals (CIs).
To evaluate the effect of KRAS mutations on survival, we used a Cox proportional hazards
regression model. Because sequencing is not done exactly at the time of diagnosis, often
occurring months or even years later, this dataset can be considered left-truncated (17).

We accounted for this by using the counting process version of the Cox model, where the
time from diagnosis to generation of the sequencing report was used as the entry time. The
outcome variable was overall survival, in years, from time of diagnosis, and the exposure
variable was whether or not a KRAS mutation was present. The proportional hazards
assumption was assessed by testing for association between the scaled Schoenfeld residuals
and time. Finally, we estimated the effect of KRAS mutations on survival within each
subgroup, defined by stage at diagnosis or histology. We report hazards ratios (HRs) and the
corresponding 95% Cls. All models included age at diagnosis, sex, and, when applicable,
stage at diagnosis as covariates. Because many patients with early stage disease at diagnosis
were only sequenced at time of recurrence, as a sensitivity analysis, we also re-fitted all
models restricted to just the 834 patients for whom sequencing took place within 3 months
of diagnosis.

In all following analyses in the NSCLC cohort, we restricted our attention to patients
with stage 1V adenocarcinomas, based on the preliminary analysis above suggesting that
KRAS mutations are only associated with survival in this subgroup. We assessed association
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between the presence of any KRAS mutation and each clinical covariate of interest via
multivariate logistic regression models and report ORs and 95% Cls. We again assessed
the effect of having any KRAS mutation on survival and the effect of KRAS mutations
within each subgroup defined by each categorical covariate using Cox proportional hazards
regression. Finally, we assessed the effects of having specific KRAS mutations on survival.
We report HRs and 95% Cls. All models included age at diagnosis and sex as covariates.

We followed a similar strategy in the CRC and PDAC cohorts, but conducted all analyses
in the full sample sets. To assess association between the presence of any KRAS mutations
and each clinical covariate of interest, we used multivariate logistic regression models, and
report ORs and 95% Cls. To assess the effect of having any KRAS mutations, as well as
specific KRAS mutations, on survival, we used the counting process version of the Cox
proportional hazards regression model, with the generation of the sequencing report defining
entry time, and report HRs and 95% Cls. All models included age at diagnosis, stage at
diagnosis, and sex as covariates. In the case of the PDAC cohort, we additionally included
histology as a covariate. Finally, as a sensitivity analysis, we again re-fitted all models
using just the 346 CRC samples and the 289 PDAC samples respectively whose sequencing
reports were generated within three months of diagnosis.

Many of the statistical tests described above involve multiple comparisons. In such cases, we
specifically report what we refer to as 95% Bonferroni Cls, where we actually compute (100
- 5/n% Cls, with ndenoting the number of comparisons. This is analogous to a Bonferroni
correction of p-values, but in the setting of confidence intervals.

Bernoulli principal components analysis

We used a variant of GLM-PCA (18), which we refer to here as Bernoulli principal
components analysis (B-PCA), to estimate latent principal components (PCs) that
summarize signal and relationships in the mutation data. GLM-PCA is a generalization of
principal components analysis to data with exponential family likelihoods and was initially
developed for application to count data in single-cell RNA-sequencing. In B-PCA, we
consider the special case of binary data, which is motivated by the representation of each
gene of interest as a binary variable — either mutated or not — in our tumor sequencing
samples.

Suppose we have an N x G matrix M, where N is the number of tumor samples and G is

the number of genes, such that M,, = 1 if gene g is mutated in sample » and 0 otherwise.

We assume that each M, is distributed as a Bernoulli random variable with unobserved
probability parameter 0 < p,, < 1. We further assume that signal in the mutation data can be
described in terms of a smaller number of latent components, such that the matrix p can be
decomposed into the product of two lower-dimensional matrices. More specifically, to avoid
constraints due to the range of p, we model

logitp = W H,
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where H is a K x G matrix of latent components and W is an N x K matrix representing
the contributions of each component to each sample. We assume that K <« G, so that
we are summarizing the signal in the mutation data in a smaller number of interpretable
components.

We can estimate W, H as the parameters maximizing the Bernoulli likelihood of our
observed mutations M. In particular, we use an alternating maximization procedure in which
we first provide an initial guess H, and compute the estimate W, maximizing the likelihood
conditional on H,. We then compute H, maximizing the likelihood conditional on W, and
repeat this procedure until the likelihood from one iteration to the next differs by less than

a pre-specified tolerance e. Maximization is done numerically using the R library nloptr’s
implementation of the subplex algorithm.

The stability of the resulting fit was assessed using a resampling procedure. In particular,
in each of 20 iterations, we randomly resampled the patients with replacement, followed
the same procedure to fit this model, and then computed the RV coefficient (19) between
this new estimate of H and the original estimate. The RV coefficient is a generalization of
correlation to matrices, with values closer to 1 indicating better concordance. If the original
fit is stable, we would expect the resulting set of RV coefficients to be close to 1, and if the
original fit is unstable, we expect at least some values closer to 0.

We applied B-PCA to 27 genes in patients with stage IV adenocarcinoma in the NSCLC
cohort, 48 genes in patients from the CRC cohort, and 35 genes in patients from the PDAC
cohort. We included KRAS in both cases, and the remaining genes were selected as those
that are (1) found to have at least 4% mutation frequency in the respective tissue in the
GENIE data, and (2) were sequenced in at least 15% of samples. For PDAC, condition (1)
was relaxed to 2% due to the lower number of genes with high mutational frequency. We
excluded any patients from this analysis who were missing sequencing results in at least one
of the remaining genes, which resulted in final totals of 449 NSCLC (specifically LUAD)
patients, 1,128 CRC patients, and 604 PDAC patients.

To compute an initial guess H,, we estimated p such that each p,, is the proportion of reads
for gene g found to be altered in sample n. We then ran standard PCA on logitp, and used
the resulting principal components as the starting guess. The number of components K was
chosen using a scree plot (20), which happened to yield K = 5 for all three cohorts.

We also used the estimates from B-PCA to cluster patients within each cohort. This was
done by computing Euclidean distances between each patient in the lower-dimensional
B-PCA space, as described by the matrix W, and running the k-means algorithm with 50
random starts. We excluded the first principal component from this analysis because it
summarizes the overall levels of mutations, which can be interpreted as related to mutational
load. The number of clusters k was chosen in each case as the value between 2 and 10
resulting in the lowest Bayesian Information Criterion (BIC) when a Cox proportional
hazards regression model was fit with cluster identity as a predictor. This yielded 5, 4, and 2
clusters for the NSCLC, CRC, and PDAC cohorts respectively.
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Software

All statistical analyses were performed in R version 4.1.3. Survival analyses were performed
using the survival package version 3.4.0 with the coxph function to fit the Cox regression
models and the cox.zph function to test the proportional hazards assumption. In the
implementation of B-PCA, numerical maximization was done using nloptr version 2.0.3
with the NLOPT_LN_SBPLX algorithm.

Data availability

The NSCLC and CRC data are publicly available on Synapse at the Synapse ID
syn27056172.

The PANC 1.1-consortium data are available upon request at this link: https://
WWW.Synapse.org/#!Synapse:syn26288991.

Results

KRAS and survival in the NSCLC cohort

The demographic characteristics of NSCLC with wild-type KRAS and those with any kind
of KRAS mutation are summarized in Supplementary Table S1. We found that 31% of
patients in this cohort carried a KRAS mutation. Among those with KRAS mutations, the
majority (86%) of mutations occurred in codon 12, followed by 8% in codon 13, 3% in
codon 61, and the remaining 3% in various other codons.

Table 1 summarizes the associations between having a KRAS mutation and each covariate
of interest, as well as the effect of having a KRAS mutation on overall survival. In the
entire sample set, we observed an association for inferior survival (HR = 1.25, 95% CI 1.06,
1.47) with the presence of a KRAS mutation, but there were several important interactions
to consider. While there was no evidence of association between KRAS mutations and stage
at diagnosis, suggesting they are equally likely to be found at any stage, KRAS mutations
were only associated with survival among stage IV patients (Table 1). This was confirmed
by testing for an interaction effect between stage at diagnosis and KRAS mutations in

the counting process version of a Cox regression (interaction HR = 1.75, 95% CI = 1.01,
3.02), with sex and age at diagnosis also included in the model. There is potential selection
bias when considering stage at diagnosis, since many patients with early stage disease

at diagnosis were only sequenced at disease progression. However, the interaction effect
between having a KRAS mutation and being stage 1V at diagnosis persisted even when
subsetting only to patients for whom sequencing took place within three months of diagnosis
(interaction HR = 2.59, 95% CI = 1.00, 6.71). Furthermore, we found that KRAS mutations
were more likely to be found in adenocarcinomas than in squamous cell cancers and also
were only associated with survival in adenocarcinomas (Table 1).

Motivated by these findings, we restricted subsequent analyses to just stage 1V
adenocarcinoma patients. When considering survival within this group, the HR for having
any KRAS mutation was 1.62 (95% CI 1.28, 2.04; test of proportional hazards p = 0.088).
We found no associations with the patient’s institution, but KRAS mutations were more
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likely to be found in older patients and those with smoking history, and less likely to be
found in patients of Asian descent (Table 1). Notably, these associations with age and Asian
descent persist even when adjusting for smoking history as well (Supplementary Table S2).
Although Asian patients have been reported to be more likely to have EGFR mutations,
which are mutually exclusive with KRAS mutations, the association with Asian descent
also still persists, though attenuated, when only considering those with wild-type EGFR
(Supplementary Table S2).

We next examined the effects of specific KRAS mutations on survival within these patients
with stage 1V lung adenocarcinoma (Figure 1A, B). Of the four mutations occurring in

at least 10 patients (G12C, G12V, G12D, and G13C), we found associations with inferior
survival with G12C and G12V (test of proportional hazards p = 0.23). Note that neither of
these associations are present when considering the whole sample, rather than just the stage
IV adenocarcinomas (Supplementary Table S2). We also assessed whether the associations
with smoking history and age at diagnosis were localized to specific KRAS mutations by
testing for any association with mutation type among those with one of these four mutation
types. We found that those with G12C mutations are substantially more likely to be smokers,
relative to those with G12D mutations (Supplementary Table S2). However, there was no
evidence that the association found earlier for age is localized to specific mutation types.

Co-mutations with KRAS and patient clusters in the NSCLC cohort

We previously demonstrated, using publicly available somatic genotyping data, that the
genetic networks in KRAS mutant cancers are allele- and tissue-specific (2). At the

time, however, matching clinical data were not available. To understand co-mutational
relationships between KRAS and other genes of interest and how they relate to clinical
outcomes, we applied B-PCA to the mutation data from the stage IV adenocarcinoma
patients. We considered a subset of genes, including KRAS, which were selected to
represent genes with relatively high mutation frequencies in these data (see Supplementary
Table S3 for demographic characteristics of included and excluded patients). We ran B-PCA
with five PCs (Figure 1C, Supplementary Table S4) and found this fit to be stable via a
resampling strategy (RV coefficients ranged from 0.16 to 0.98, with quartiles of 0.50, 0.59,
and 0.69). We then used the counting process version of Cox proportional hazards regression
to examine the factor scores for the PCs, all in the same model and also including age at
diagnosis and sex, for potential association with overall survival (Supplementary Table S2).
This analysis revealed associations with inferior survival for both PC 2 (HR = 1.04, 95%
Bonferroni CI = 1.00, 1.09, test for proportional hazards p = 0.011) and PC 3 (HR = 1.11;
95% Bonferroni Cl = 1.05, 1.17; test for proportional hazards p = 0.23), which implies that
patients with higher scores for these PCs had worse survival. Notably, both of these PCs

has a positive loading for KRAS, so higher scores imply a higher probability of having a
KRAS mutation. Analogously, we also found an association with improved survival for PC 4
(HR =0.90; 95% Bonferroni Cl = 0.84, 0.96; test for proportional hazards p = 0.64), which
has a negative loading for KRAS. Hence, these associations are consistent with our previous
finding that the presence of a KRAS mutation is associated with inferior survival. As a
sensitivity analysis, we repeated this test with tumor mutational burden (TMB, computed as
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the total number of mutations among genes included in the B-PCA analysis for each sample)
included as a covariate and found the same associations (Supplementary Table S2).

To interpret the mutational patterns encoded by these PCs and how they operate together,
we clustered patient scores for the PCs into five clusters. This was the number of groups
that minimized the BIC of the counting process version of the Cox proportional hazards
regression model using cluster identity, age at diagnosis, and sex as predictors. We labeled
these Clusters 1 through 5, in order of their median survival, and found, from the final
version of this regression model (Supplementary Table S2), that membership in Clusters 3,
4, and 5 were associated with worse survival than Cluster 1 (Cluster 3 HR = 1.88, 95%
Bonferroni Cl = 1.20, 2.95; Cluster 4 HR = 1.80, 95% CI = 1.13, 2.86; Cluster 5 HR =
3.99, 95% Bonferroni Cl = 2.41, 6.59; test for proportional hazards p = 0.089), as shown

in Figure 1D. This was again repeated with TMB included as a covariate with similar
results (Supplementary Table S2), with the exception that Cluster 4 is no longer significantly
associated after multiple testing correction. We used univariate logistic regressions to assess
whether each gene was differentially mutated in each cluster when compared to all other
clusters (Supplementary Table S5). The mutational patterns among genes with significant
differential mutations (FDR < 0.05) are visualized in Figure 1E, which can be used to
characterize these groups of patients. In particular, Cluster 1 samples, which had the best
survival, most commonly have either no mutations among these genes or an isolated EGFR
mutation; Cluster 2 samples nearly all have both EGFR and 7P53 mutations; Cluster

3 almost all has 7P53 mutations and almost never KRAS mutations; Cluster 4 has all
KRAS mutations and sometimes 7P53 mutations; and Cluster 5, which had the worst
survival, almost all has KRAS mutations with many accompanied by KEAPI and/or STK11
mutations.

These patterns are suggestive of relationships between KRAS mutations and these genes,
which were confirmed by Fisher tests. Namely, we found positive associations with STK71
(OR =6.32, 95% Bonferroni Cl = 2.95, 14.10) and KEAPI (OR = 3.83, 95% Bonferroni ClI
=1.79, 8.35). We also found negative associations between KRASand EGFR (OR = 0.034,
95% Bonferroni Cl = 0.0059, 0.11) as well as 7P53 (OR = 0.56, 95% Bonferroni Cl = 0.34,
0.92). Notably, KRAS and EGFR are nearly completely mutually exclusive, whereas KRAS
and 7P53are negatively correlated but can still occur together. There was no evidence for
the associations with EGFR or TP53 differing by the specific KRAS mutation type, from
Fisher tests considering the four most common KRAS mutation types at the Bonferroni p =
0.05 level, but there were differences found with STKZZ and KEAPI. Subsequent logistic
regressions between STKZ11 or KEAPI mutations and the specific KRAS mutation types
revealed positive associations with G12C, G12V, and G13C mutations for STKZ1 and with
G12C and G13C mutations for KEAPI (Supplementary Table S4).

We also examined associations between cluster identities and our covariates of interest
using univariate regression models (Supplementary Table S6). Patients in Clusters 3, 4, and
5 are much more likely to have a smoking history than patients in Cluster 1; this effect

is particularly strong for Cluster 5, in which 46 out of 47 patients are smokers. This is
consistent with our prior findings that STK71 and KEAPI co-mutate with G12C, and that
G12C mutations are associated with smoking. Patients in Clusters 4 and 5 were also, on
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average, 5.9 and 6.4 years older at diagnosis than patients in Cluster 1, respectively. Finally,
patients in Cluster 2 are more likely to be Asian, while patients in Clusters 4 and 5 are

more likely to be white, when compared to patients in Cluster 1. This is consistent with

our previous finding that Asian patients are less likely to have KRAS mutations. There was
no association between cluster identity and sex or institution. When additionally controlling
for TMB as a sensitivity analysis (Supplementary Table S6), we find the same associations,
expect patients in Cluster 5 are no longer significantly older and patients in Clusters 4 and 5
are no longer more likely to be white.

KRAS and survival in the CRC cohort

Supplementary Table S1 summarizes the demographic characteristics of samples with wild-
type KRAS and those with KRAS mutations in the CRC cohort. In total, 44% of the cohort
had a KRAS mutation of any kind. Of these patients, there was a greater spread of mutated
codons than in the NSCLC cohort: 67% had a mutation in codon 12, 19% had a mutation in
codon 13, 7% had a mutation in codon 146, 3% had a mutation in codon 61, and 4% had a
mutation in another codon.

Associations between having a KRAS mutation and each covariate of interest, as well as

the effect of having a KRAS mutation on overall survival, are summarized in Table 2.

All models included age, sex, and stage at diagnosis as covariates. Among the covariates
examined, there are no associations with KRAS mutations. Although there appears to only
be an association with survival among patients who were stage 1V at diagnosis, there was no
evidence of an interaction effect (interaction HR = 1.08, 95% CI = 0.78, 1.50), using a Cox
regression model that also included age at diagnosis and sex as covariates, which suggests
the lack of association in the other stages could be attributed to lower sample sizes. We

also repeated this analysis when restricting just to samples sequenced within 3 months of
diagnosis, with the same result (interaction HR = 1.45, 95% CI = 0.40, 5.24).

In the entire sample, KRAS mutations are associated with inferior survival (HR = 1.48, 95%
Cl =1.27, 1.74, test for proportional hazards p = 0.22). Because stage at diagnosis could be
considered a possible intermediate factor in a causal pathway relating KRAS mutations to
survival, we also repeated this analysis with stage at diagnosis excluded from the model, and
found a similar association (HR = 1.45, 95% CI = 1.24, 1.70, test for proportional hazards

p = 0.095). Next, we examined the effects of specific KRAS mutations on survival. Of the
eight mutations occurring in at least ten patients (G12D, G12V, G13D, G12C, A146T, G12S,
G12A, and Q61H), we found negative associations with survival for G12D and G12V (test
of proportional hazards p = 0.35) (Figure 2A, B).

Co-mutations with KRAS and patient clusters in the CRC cohort

We also applied B-PCA to the mutation data from the CRC cohort. Supplementary Table
S3 summarizes the demographic characteristics of included and excluded patients from
this analysis; notably, all the VICC patients were excluded due to insufficient sequencing
of the selected genes in the panels used at this institution. We chose to use five PCs
(Figure 2C, Supplementary Table S4), and our resampling strategy confirmed a stable fit
(RV coefficients ranged from 0.67 to 0.99, with quartiles of 0.91, 0.93, and 0.97). We then
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examined the PCs for associations between the corresponding scores and overall survival
using the counting process version of a Cox regression model (Supplementary Table S2).
This was done as in the NSCLC analysis, but additionally including stage at diagnosis

in the model. This revealed a protective effect for PC 4 (HR = 0.93, 95% Bonferroni ClI
=0.89, 0.97, test for proportional hazards p = 0.02). Since PC 4 has a negative loading
for KRAS, this is again consistent with our general finding that KRAS mutations are
associated with inferior survival. This effect remained even after including TMB in the
model (Supplementary Table S2).

We again interpreted the mutational patterns in these PCs by clustering patient scores

into four clusters, labeled in order of their median survival (Figure 2D). We found that
membership in Clusters 2, 3, and 4 are associated with worse survival than Cluster 1
(Cluster 2 HR = 1.39, 95% Bonferroni Cl = 1.02, 1.88; Cluster 3 HR = 1.64, 95%
Bonferroni Cl = 1.20, 2.25; Cluster 4 HR = 1.81, 95% Bonferroni Cl = 1.35, 2.42; test

for proportional hazards p = 0.086), which was consistent even with TMB included in the
model (Supplementary Table S2). This was also assessed as in NSCLC, with the addition
of stage at diagnosis in the model. We then again used univariate logistic regressions to
assess whether each gene was differentially mutated in each cluster when compared to all
other clusters (Supplementary Table S5), and the top 10 genes with significant differential
mutations (FDR < 0.05) are visualized in Figure 2E. Most patients in Cluster 1, which

had the best survival, have APCand 7P53 mutations, but very few have KRAS mutations.
By contrast, the patients in Cluster 2 frequently have both APC and KRAS mutations, but
rarely with 7P53. The patients in Cluster 3 often have just 7253 mutations, and finally, the
patients in Cluster 4, which have the worst survival, most often have all three of 7P53, APC,
and KRAS mutations. These results suggest a complex interplay between KRAS, TP53,
and APC mutations, with different combinations associated with different implications for
survival.

Finally, we again examined associations between cluster identities and our covariates

of interest using univariate regression models, which revealed differences with race and
institution that persisted even when including TMB in the model (Supplementary Table
S6). In particular, patients in Cluster 4 were more likely to be Black than those in Cluster
1. Although our analysis described earlier did not reveal differences in survival across
race when considering KRAS mutations alone, this suggests that there may some kind of
association when considering mutational patterns more cohesively. In addition, patients in
Cluster 3 were more likely to belong to MSK than DFCI as compared to patients in Cluster
1, but don’t have any other apparent demographic difference. Because institution effects
have otherwise been minimal in the analyses presented, this may be due to some subtle
difference in patient population.

KRAS and survival in the PDAC cohort

Supplementary Table S1 summarizes the demographic characteristics of samples with wild-
type KRAS and those with KRAS mutations in the PDAC cohort, of which 89% had
a KRAS mutation of any kind. This is the largest proportion of the three cancer types
considered. Of these patients, the majority (91%) specifically had a codon 12 mutation. The
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next most common was a codon 61 mutation (8%), and the rest of the patients had codon 13
or other mutations.

In Table 3, the associations between having a KRAS mutation and each covariate of interest,
as well as the effect of having a KRAS mutation on overall survival, are summarized. All
models were adjusted for age, sex, stage at diagnosis, and histology. In the entire sample,
KRAS mutations are associated with inferior survival (HR = 1.88, 95% CI = 1.38, 2.55, test
for proportional hazards p = 0.48). This association is very similar when removing stage at
diagnosis from the model (HR = 1.84, 95% CI = 1.36, 2.49, test for proportional hazards

p = 0.21). Among the covariates examined, KRAS mutations are associated with older age
at diagnosis (Table 3), with more mutations among older patients. While there were some
apparent differences in survival when considering subgroups by institution or race, these
have very wide confidence intervals and could be explained by the smaller sample sizes in
this cohort, which is less than half the size of the other two tissue types.

We also examined the effects of specific KRAS mutations on survival in the PDAC cohort
(Figure 3A, B). There were five mutations occurring in at least ten patients (G12D, G12V,
G12R, Q61H, Q61R), of which G12D, G12V, and G12R all had negative associations with
survival (test for proportional hazards p = 0.73). We also assessed for associations between
these mutations and age at diagnosis, and did not find any evidence of localization to
specific mutation types among those with one of these five mutations (Supplementary Table
S2).

Co-mutations with KRAS and patient clusters in the PDAC cohort

We applied B-PCA to the mutation data from the PDAC cohort. Characteristics of the
included and excluded patients are summarized in Supplementary Table S3. Although most
of the excluded patients were treated at DFCI, due to the selection of genes, there were

still a substantial number of DFCI patients remaining in this analysis, and the demographic
characteristics were otherwise similar. We chose to use five PCs (Supplementary Table

S4), and our resampling strategy confirmed a stable fit (RV coefficients range from 0.82

to 1.00, with all three quartiles at 1.00). The PCs were examined for associations between
the corresponding scores and overall survival using the counting process version of a Cox
regression model, including age at diagnosis, sex, stage at diagnosis, and histology in the
model (Supplementary Table S2), which revealed a protective effect for PC 2 (HR = 0.92,
95% Bonferroni Cl = 0.89, 0.99, test for proportional hazards p = 0.0012) and an association
with inferior survival with PC 5 (HR = 1.09, 95% Bonferroni Cl = 1.01, 1.17, test for
proportional hazards p = 0.013) (Figure 3C). PC 2 has a negative loading for KRAS and

PC 5 has a positive loading, which are again consistent with our general finding that KRAS
mutations are associated with inferior survival. It should be noted that there are possible
violations of the proportional hazards assumption here, and so these results should be
interpreted with caution. These results remain the same when including TMB as a covariate
(Supplementary Table S2).

We clustered patients by their mutational patterns into two groups (Figure 3D) and found
that membership in Cluster 2 is associated with worse survival than in Cluster 1 (HR =
1.48, 95% CI = 1.20, 1.81, test for proportional hazards p = 0.049). This was assessed
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as in CRC, but also including histology in the model; the association persists when
including TMB as a covariate (HR = 1.33, 95% CI = 1.07, 1.66, test for proportional
hazards p = 0.045). Univariate logistic regression models were again used to identify genes
with differential mutations between these two clusters (Supplementary Table S5), with
significantly differential genes (FDR < 0.05) visualized in Figure 3E. Patients in Cluster 1
can predominantly be characterized as having KRAS mutations without 7253 mutations,
while patients in Cluster 2 predominantly had both KRASand 7P53 mutations, suggesting
worse survival when both of these genes are mutated. Finally, we tested for associations
between cluster identity and our covariates of interest using univariate regression models,
with and without TMB (Supplementary Table S6), which showed no relationships.

Discussion

KRAS mutations are common in the most lethal cancers and have been associated with
specific clinical outcomes in some studies, but not in others. For example, patients with
advanced CRC who are treated with standard-of-care chemotherapy experience inferior
responses if their cancer expresses mutant KRAS (21). Recent work has also described
clinical characteristics and genetic interactions with KRAS in multiple cancer types,
including the three examined here, which supports many of our findings on allele- and
tissue-specific prevalence and co-mutational relationships (22). However, by analyzing the
GENIE data, which links genomic information with highly curated clinical attributes, we
were able to identify tissue-specific latent factors summarizing complex interactions across
genes; form clusters of patient profiles that associate with survival; and glean additional
novel insights related to clinical covariates, KRAS mutations, and patient outcomes.

We found a number of clinical outcomes supported by prior studies. In particular, we
identified a negative association between KRAS mutations and survival in all three cancer
types examined. We further recapitulated tissue- and allele-specific relationships (2) by
showing specific associations with G12C and G12V mutations in LUAD (23), G12D and
G12V mutations in CRC (21,24-26), and G12D, G12V, and G12R mutations in PDAC (9).
One previous study had found codon 13 mutations to result in worse outcomes than codon
12 mutations in NSCLC (27). This finding was not reproduced here, but could be explained
by the much smaller sample size of patients with codon 13 mutations in that study, as well as
their focus on a specific treatment context.

Association analyses with the presence of KRAS mutations also yielded some interesting
results, such as relationships with older age in both NSCLC and PDAC, and additional
relationships with smoking history and race in NSCLC. Some, but not all, of these
relationships were localized to specific mutation types. Previous studies support these
associations in NSCLC (5), namely the increased incidence of KRAS mutations in older
patients, smokers, and patients of non-Asian descent, as well as the localization of the
association with smoking history to the G12C mutation. There are also some associations
that have been previously reported in the literature but not recapitulated here. For example,
prior work has found an association between Black race and the presence of KRAS
mutations in CRC (8), but we did not find such an association here. This could potentially
be attributed to the small sample size of Black patients in this predominantly white study
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population, leading to lower power in finding such associations. We did, however, find an
association with Black race and membership to one of our learned clusters in CRC, which
could suggest a specific relationship with combinations of KRAS mutations with those of
other genes.

Through a version of principal components analysis adapted to these data, we additionally
found tissue-specific genetic interactions and clusters of patient profiles associated with
survival. The NSCLC, CRC, and PDAC cohorts were respectively described by five, four,
and two clusters each, which summarize complex interactions across KRAS and other
genes. In NSCLC, KRAS mutations were almost exclusively seen in the two clusters with
worst survival, which were then differentiated primarily by whether 7P53was mutated, or
whether STK11 and/or KEAPI were mutated. Notably, the latter had the worst survival

of all the clusters. Though not identical, there are important similarities between these
clusters and those reported by (28), which is evidence of a reproducible signal. Moreover,
these clustering results suggest both co-mutational and mutually exclusive relationships
between KRAS and other genes, confirmed by Fisher tests, which recapitulate previously
reported relationships (2,5). This again supports that these clusters constitute a biologically
meaningful partitioning of patients. The cluster structures found in CRC and PDAC also
centered around interactions with KRAS. The CRC clusters were strongly differentiated by
different combinations of three genes, namely KRAS, TP53, and APC. In PDAC, where
the majority of patients had KRAS mutations, the two clusters were instead primarily
differentiated by whether or not 7P53was also mutated. All together, these clusters shed
insight into the tissue-specific combinations of genes critical in distinguishing groups of
patients with different survival levels.

The value of these clusters is further underscored by the clinical insights obtained from
examining the associated covariates. In NSCLC, cluster membership was associated with
smoking history, age, and race, all in ways consistent with our association analyses with

the presence of KRAS mutations alone. However, in CRC, cluster membership revealed a
new association with race that was not present when only considering KRAS mutations.
This suggests clinical relationships that are specific to particular combinations of mutations,
and otherwise may not have been uncovered from a simpler analysis. Hence, our approach
was able to translate tissue-specific genetic interactions into meaningful patient clusters that
connect different sets of mutations to different survival risks and clinical profiles.

It should be noted that a few associations were no longer present when including TMB in
the model as a sensitivity analysis. Such results should be interpreted with care. It is possible
that those particular findings were confounded by the total number of mutations present in
each sample; for example, this could occur if a cluster simply contained all of the patients
with the greatest number of mutations, regardless of what those mutations were. However,
because we use panel data here and hence the total number of mutations is typically very
small, patients in clusters that are enriched or depleted for certain mutations will also likely
have differing TMBs from the other clusters. Cluster 4 in the NSCLC analysis was the only
one that was no longer associated with survival after conditioning on TMB, but we also
observed significant associations between membership in this cluster and the enrichment
of specific mutations. As a result, TMB may simply be sharing a common effect with this
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cluster, resulting in a loss of signal, rather than acting as a true confounder in this analysis.
Nevertheless, such findings should be considered carefully.

There are also some important limitations to this analysis that must be acknowledged. First,
tumor purity information was not available for the samples in these cohorts, so we were
not able to control for this factor in our analysis. This could contribute noise to the data
that could in turn increase the variance of our estimates and obscure potential associations.
Second, it is important to note that the study population had some imbalances, notably in
terms of race. The large majority of patients were white, which means that there may not
always have been high power to detect interactions or associations with respect to race.

Third, the negative associations found between KRAS mutations and survival do not
automatically imply a causal relationship. In particular, as alluded to above, treatment
exposures play a key role here. KRAS mutations are mutually exclusive with or negatively
correlated with several genes, such as EGFR, that have targeted treatments available. As a
result, the association with inferior survival may be at least partially attributed to the lack
of targeted treatments for those without mutations in these genes. Further work is needed to
disentangle these effects.

Fourth, the sampling scheme in this cohort poses some statistical challenges. Patient samples
were often sequenced months or even years after diagnosis, which introduces left truncation
because some patients might have died before they would have hypothetically entered the
cohort. We accounted for this by using the counting process version of the Cox proportional
hazards regression model, in which the time from diagnosis to sequencing was used as the
entry point into the cohort. However, a further complication is that the time of sequencing

is not always random; in particular, patients with early stage disease at diagnosis may not
have samples sequenced until and if they worsen. This introduces a form of selection bias

in which, for instance, patients with early stage disease at diagnosis might never enter the
cohort if they never recur. This challenge has been described previously (29), currently
without a clear consensus on how to address it. We mitigated the effects of this bias by
conducting sensitivity analyses in which we only considered samples sequenced within three
months of diagnosis. While this helps prevent some biased conclusions, this approach is
also limiting due to the loss of power in the reduced sample. Hence, further methodological
development is needed.

Finally, it should be noted that the B-PCA model used here represents a trade-off in model
complexity and interpretability. This model has only two parameters — one describing

the combinations of genes most relevant to each latent factor, and one describing the
contributions of each latent factor to each tumor sample — which enables an explicit and
highly interpretable description of the learned latent space. However, it is important to
acknowledge that this is a linear model, and hence can only detect linear interactions across
genes. In this work, we use B-PCA as an exploratory tool to extract the most relevant
such interactions driving variation in the mutation data, to which end we did not find

the linearity assumption to be limiting. In particular, our results both recapitulated known
genetic interactions and formed clusters of patients highly associated with survival, even
though no survival data was inputted to the model. If, however, the goal is to assess and
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detect any non-linear interactions across genes, future work could instead employ other
techniques tailored to this aim. It should also be noted that our approach does not consider
temporal events, and thus does not model mutations as sequentially acquired. Extensions of
our work could leverage ideas from phylogenetic inference to describe genetic interactions
within a temporal process.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Associations of KRAS mutations with survival in the stage IV adenocarcinomas from the
NSCLC cohort. (A) HRs with corresponding 95% Bonferroni Cls for each specific KRAS
mutation type occurring in at least 10 patients, as assessed via Cox proportional hazards
regression models adjusting for age and sex. (B) Kaplan-Meier curves with 95% Cls for
patients with wild-type KRAS and patients with any kind of KRAS mutation, and Kaplan-
Meier curves for patients with wild-type KRAS, patients with G12C mutations, and patients
with G12V mutations. (C) Loadings matrix for the second through fifth principal component
found from applying B-PCA to mutation data in the stage IV adenocarcinomas of the
NSCLC cohort. (D) Kaplan-Meier curves comparing the patients in five clusters, derived
from clustering the patient scores for the principal components. (E) Heatmap showing
mutation patterns among the genes differentially mutated (FDR < 0.05) across the five

clusters.
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Figure 2.
Associations of KRAS mutations with survival in the CRC cohort. (A) HRs with

corresponding 95% Bonferroni Cls for each specific KRAS mutation type occurring in

at least 10 patients, as assessed via Cox proportional hazards regression models adjusting
for age, sex, and stage at diagnosis. (B) Kaplan-Meier curves with 95% confidence intervals

for patients with wild-type KRAS and patients with any kind of KRAS mutation, and

Kaplan-Meier curves for patients with wild-type KRAS, and patients with G12D or G12V
mutations. (C) Loadings matrix for the second through fifth principal component found from
applying B-PCA to mutation data in the CRC cohort. (D) Kaplan-Meier curves comparing

the patients in four clusters, derived from clustering the patient scores for the principal

components. (E) Heatmap showing mutation patterns among the top 10 genes differentially

mutated (FDR < 0.05) across the four clusters.
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Figure 3.

Associations of KRAS mutations with survival in the PDAC cohort. (A) HRs with
corresponding 95% Bonferroni Cls for each specific KRAS mutation type occurring in at
least 10 patients, as assessed via Cox proportional hazards regression models adjusting for
age, sex, histology, and stage at diagnosis. (B) Kaplan-Meier curves with 95% confidence
intervals for patients with wild-type KRAS and patients with any kind of KRAS mutation,
and Kaplan-Meier curves for patients with wild-type KRAS, and patients with G12V, Q61H,
G12D, or G12R mutations. (C) Loadings matrix for the second through fifth principal
component found from applying B-PCA to mutation data in the PDAC cohort. Negative
loadings are capped at —2 for visualization purposes. (D) Kaplan-Meier curves comparing
the patients in two clusters, derived from clustering the patient scores for the principal
components. (E) Heatmap showing mutation patterns among the genes with top loadings in
each of the two clusters.
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Table 1.

Associations between KRAS mutation and covariates of interest, reported as ORs with 95% Bonferroni Cls
(corrected over all tested covariates), and effects of having a KRAS mutation on survival in each subgroup,
reported as HRs with 95% Bonferroni Cls (corrected within each category of covariates), in the NSCLC
cohort. Only Stage IV adenocarcinomas are considered in quantities reported below the horizontal line.

KRAS OR (Association with mutation occurrence KRAS HR (Association with survival within each
and each covariate) subgroup)

Stage 1

Stage | Referent 0.85(0.44, 1.63)

Stage 11 1.05 (0.56, 1.91) 1.43 (0.70, 2.90)

Stage 111 0.77 (0.46, 1.27) 0.94 (0.58, 1.53)

Stage IV 0.81 (0.54, 1.23) 1.4 (1.10, 1.90)
Histology £

Squamous cell Referent 0.86 (0.30, 2.46)

Adenocarcinoma 9.67 (3.89, 31.83) 1.39 (1.11, 1.75)

Other 7.51 (2.59, 27.05) 0.87 (0.48, 1.57)
Institution £

MSK Referent 1.72 (1.13, 2.61)

DFCI 1.38 (0.73, 2.60) 1.63 (0.97, 2.73)

vicc 1.43 (0.64, 3.12) 1.62 (0.88, 2.98)
Sex 3

Male Referent 1.71 (1.09, 2.67)

Female 1.55 (0.86, 2.86) 1.55 (1.11, 2.16)
Age (years) 4 1.04 (1.01, 1.07)
Race £

White Referent 1.51 (1.11, 2.06)

Asian 0.12 (0.01, 0.53) 0.96 (0.14, 6.73)

Black 1.09 (0.28, 3.64) 25.91 (1.55, 433.56)

Other 0.51 (0.02, 3.69) 2.57 (0.04, 157.78)

Smoking History 1
Never Referent

Ever 11.70 (4.52, 39.47)

0.98 (0.30, 3.19)
1.43 (1.07, 1.91)

'ZAge at diagnosis and sex included in the model.
ZAge at diagnosis, sex, and stage at diagnosis included in the model.
3Age at diagnosis included in the model.

4Sex included in the model.
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Associations between having a KRAS mutation and each covariate of interest, reported as ORs with 95%
Bonferroni Cls (corrected over all tested covariates), and effects of having a KRAS mutation on survival in
each subgroup, reported as HRs with 95% Bonferroni Cls (corrected within each category of covariates), in

the CRC cohort.

KRAS OR (Association with mutation occurrence and

each covariate)

KRAS HR (Association with survival within each subgroup)

Institution
MSK
DFCI
VICC

Sex
Male
Female

Age (years)

Race
White
Black
Asian
Other

Stage
Stage |
Stage Il
Stage 111
Stage IV

Referent
0.92 (0.65, 1.30)
1.11 (0.69, 1.77)

Referent
1.07 (0.78, 1.46)
0.99 (0.98, 1.01)

Referent
1.41(0.76, 2.52)
0.92 (0.45, 1.86)
0.76 (0.22, 2.35)

Referent
1.12 (0.53, 2.41)
1.09 (0.55, 2.23)
1.27 (0.65, 2.54)

1.22 (0.91, 1.64)
1.71 (1.24, 2.37)
1.73 (1.12, 2.67)

1.50 (1.18, 1.92)
1.46 (1.12, 1.91)

1.55 (1.25, 1.93)
1.00 (0.47, 2.11)
1.47 (0.59, 3.69)
0.74 (0.059, 9.24)

1.80 (0.49, 6.62)
1.65 (0.81, 3.35)
1.37 (0.90, 2.07)
1.49 (1.16, 1.92)
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Table 3.

Associations between having a KRAS mutation and each covariate of interest, reported as ORs with 95%
Bonferroni Cls (corrected over all tested covariates), and effects of having a KRAS mutation on survival in
each subgroup, reported as HRs with 95% Bonferroni Cls (corrected within each category of covariates), in
the PDAC cohort.

KRAS OR (Association with mutation occurrence KRAS HR (Association with survival within each
and each covariate) subgroup)
Institution
MSK Referent 1.74 (1.13, 2.68)
DFCI 0.97 (0.39, 2.73) 2.90 (1.00, 8.42)
vice 1.41 (0.40, 7.83) 2.79 (0.49, 15.82)
Sex
Male Referent 2.05(1.27,3.31)
Female 1.26 (0.61, 2.66) 1.74 (1.04, 2.91)
Age (years) 1.03 (1.00, 1.07)
Race
White Referent 1.89 (1.25, 2.85)
Asian 0.57 (0.15, 3.22) 1.03 (0.16, 6.73)
Black 1.83(0.33, 37.60) 1.40 (0.09, 22.00)
Other 0.75 (0.05, 130.39) NA
Stage
Stage | Referent 2.86 (0.30, 27.70)
Stage 11 2.43(0.48, 9.43) 1.67 (0.92, 3.01)
Stage 111 2.50 (0.40, 14.30) 3.30 (0.74, 14.77)
Stage IV 3.43(0.66, 13.92) 1.67 (0.91, 3.05)
Histology

Adenocarcinoma

Other

Referent

0.75 (0.18, 5.37)

1.79 (1.25, 2.56)
7.26 (1.18, 44.63)
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