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Colorectal cancer (CRC) is the third most deadly

cancer in the world. While Genome-wide (GWAS)

have been instrumental in identifying common

pathogenic variants that increase risk for colorectal

cancer and Polygenic Risk Scores (PRS) have been

used to quantify a patient’s risk for developing

cancer, it has not yet investigated how PRS should

be viewed in cases where patients deemed lower-

risk develop cancer. The focus of this work was to

identify the relative prevalence of pathogenic rare

variants in CRC predisposition, which are currently

excluded from conventional GWAS and PRS, among

quartiles of PRS. I analyzed the PRS of 563, in

conjunction with whole exome data for colorectal

cancer patients from The Cancer Genome Atlas

(TCGA), controlled for relevant epidemiological risk

factors, and performed a multivariable logistic

regression analysis to determine if pathogenic rare

variants in CRC predisposing genes are statistically

linked with patients whose PRS are in the lowest

quartile. Results showed patients in the lowest

quartile of PRS had the greatest effect size in

predicting the presence of pathogenic rare variants

within the cohort, although the results are not

conclusive. Understanding why PRS models fail in

the prediction of CRC will pave the way to identify

actionable, high-risk variants for cancer

predisposition that can influence screening

strategies for patients and their families.

• Genome wide association studies (GWAS) are

used to identify associations between gene

loci and phenotypic traits

• Common disease-common variant (CDCV)

hypothesis posits that common genetic

variants compromise much of the heritability

for common diseases

• Polygenic risk scores (PRS) are used to

estimate the combined effect of multiple

variants on risk for developing a common trait

identified by GWAS

• A PRS in the highest quartile will indicate a

heightened genetic risk for the trait compared

to a score in a lower quartile

• Colorectal cancer (CRC) is a complex

disease, meaning it is caused by the

interaction of multiple genes and

environmental factors

• GWAS for CRC identified 95 pathogenic

common variants

• Accurate CRC risk prediction models are

critical for identifying individuals at low and

high risk of developing CRC, as high-risk

groups can be targeted for screening and

chemoprevention strategies

• Little has been discussed how PRS should be

viewed in the context of when individuals with

low PRS develop CRC

• My goal was to understand why PRS fail in the

prediction of CRC

• The distribution of PRS was approximately normal

• The distributions for the variables: Survival status,

sex, stage, diagnosis age, and weight were

approximately equal amongst the 4 quartiles of

PRS

• The variable Ancestry had a significantly different

distribution amongst the 4 quartiles

• 16 pathogenic rare variants were identified

amongst the 563 CRC patients

• Although pathogenic rare variants were not

significantly linked with low-quartile patients, their

effect size is the greatest for this cohort

• Overall, there is enough evidence to justify an

alteration of the CDCV and conclude that low PRS

inform the presence of pathogenic rare variants

• Extend my investigation into pathogenic rare

variants to other complex diseases such as

breast cancer or Alzheimer’s

• Perform my analysis with a more

comprehensive gene list

• Account for patients having multiple

pathogenic rare variants in their genome as

opposed to using a binary variable

• Investigate a broader range of

epidemiological variables and incorporate

them into my logistic analysis

• TCGA data for 563 CRC patients were

genotyped and imputed from the Genomic Data

Commons Data Portal

• PRS were calculated for all patients in the

cohort and the normality of their distribution was

determined

• PRS were split into four quartiles in ascending

order

• The distributions of variables: Survival status,

ancestry, cancer stage, sex, weight, and

diagnosis age were analyzed

• Rare variants were identified amongst patients

in the cohort in IGV using the following criteria:

IGV Readings > 20 & variants are deemed

pathogenic in pre-existing literature

• A binary logistic regression analysis was

performed using the input variables: Sex, cancer

stage, ancestry, PRS quartile, and the binary

output variable “Presence of a Pathogenic Rare

Variant”
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Normality of Polygenic Risk ScoresFigure 1. A visual distribution of

polygenic risk scores for 563

colorectal cancer patients.

Figure 2. The R-Studio output of a

Shapiro-Wilk Normality Test on

polygenic risk scores.

According to Figure 2, the p-value

of a Shapiro-Wild normality test

was p = 0.8012, indicating an

approximately normal distribution.

Figure 3. The R-Studio output of a Q-

Q plot using polygenic risk scores.

Figure 3 displays another method of

analyzing normally using R. The Q-Q

plot allowed for visualization of how

far data points stray from normality,

which is indicated by the diagonal

line.
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Figures 4, 5, 6, 7. The distribution of categorical epidemiological variables amongst four PRS quartiles using a Chi-Square test of homogeneity.

Figures 8, 9. The distribution of quantitative epidemiological variables amongst four PRS quartiles using a One-Way ANOVA Test.

Figures 4, 5, 6, and 7 show the results of a Chi-Square analysis for the variables

Survival Status, Sex, Cancer Stage, and Ancestry, respectively. The p-values

calculated were 0.753, 0.2, 0.725, and 0.009, respectively, indicating that only

Ancestry showed a significantly varying distribution amongst quartiles.

Figures 8 and 9 show the results of a One-Way ANOVA Test for the variables

Diagnosis Age and Weight, respectively, indicating that both variables showed an

approximately equal distribution amongst quartiles.

IGV Snapshot Example
Figure 10. An example of an IGV

snapshot used for pathogenic rare

variant identification and analysis.

Figure 10 shows an IGV snapshot

that was used to identify rare

variants. This particular variant was

deemed “useful” as it has over 20

readings (rows) and the “T”

substitution mutation at the shown

genomic location (red column) is

considered pathogenic.

Table 1. The 16 identified pathogenic

rare variants.

Table 1 shows the 16 pathogenic rare

variants that were identified through

IGV. Each variant is categorized by

the gene it is located on, its location

in said gene, and its rsID. Repeated

variants indicate that more than one

patient expressed that variant in their

genome.

Table 2. The coefficients and p-values of each variable included in the binary regression model in predicting the

presence of a pathogenic rare variant.

Table 2 shows the MiniTab output of the binary regression model performed on the 563 colorectal cancer patients.

The binary outcome of the regression was “Pathogenic Rare Variant” and the inputs of the regression were Diagnosis

Age, Sex, Stage, Quartile, and Ancestry. Quartile 4 was used as the reference category for the variable “Quartile”.

The Quartile output in Table 3 is reversed in order to ensure Quartile 4 was used as the reference. For example,

Quartile 1 = “Quartile 4” in the output, Quartile 2 = “Quartile 3” in the output. The p-values calculated from the binary

logistic regression for Quartile 1, Quartile 2, Quartile 3, and Quartile 4 were 0.109, 0.765, 0.560, and 1.000,

respectively. Coefficients for each quartile were further analyzed to determine effect size. The regression equation

coefficients for Quartile 1, Quartile 2, and Quartile 3 were 1.364, 0.31, and 0.544, respectively.


