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Chapter 1

Introduction

Lung cancer poses a significant public risk. Lung cancer is the deadliest of all

cancers—it has caused 1.8 million deaths in 2020, more than any other type of cancer3.

This is partially due to most lung cancer patients presenting with already advanced

stages of cancer4. Furthermore, some types of lung cancer, such as non-small-cell

lung carcinoma (which accounts for 85% of all lung cancers5), do not respond well to

conventional chemotherapy5.

There has been a lot of work done to understand the genetic underpinnings of lung

cancer6,7,8. So far, most of these studies have been focused on populations of single

ancestry (especially European ancestry). Some work has also been done in examining

the common ways lung cancer arises in different ancestries and it was able to find

that mutations that promote endogenous DNA damage can frequently be responsible

for lung cancer in these populations9. However, there are some differences between

how lung cancer develops in people of different ancestry.

In terms of lung cancer risk, in the US, the odds ratio for lung cancer in smokers

relative to non-smokers is about 10 times larger than the odds ratio in Japan10.

Furthermore, it has been shown that individuals of Asian ancestry have different

outcomes and toxicity in lung cancer compared to individuals of European ancestry11.

When comparing across ancestries, it has been shown that genetic alterations

associated with lung cancer differ based of ancestry. For example, East Asian patients

have a much higher prevalence of epidermal growth factor receptor (EGFR) mutation

15



(approximately 30% vs. 7%, predominantly among patients with adenocarcinoma

and never-smokers) as well a lower prevalence of K-Ras mutation (less than 10%

vs. 18%, predominantly among patients with adenocarcinoma and smokers)12. In

a study from Brazilian lung cancer patients13, it was found that EGFR mutations

were associated with high-Asian ancestry, whereas KRAS mutations were associated

with non-Asian ancestry. Finally, correlation between ancestry and specific somatic

alterations, including drive mutations in EGFR and KRAS, has been reported in a

study that considered admixed Latin American populations14. Additionally, their

analysis suggests that germline mutations in the Native American population are

correlated with the somatic mutations. All of this points to differences in mechanisms

that govern how lung cancer develops in people of different backgrounds.

Understanding these differences could improve the choice of treatments. Coupled

with not fully knowing how genetic variants affect smoking, which in turn affects the

risk of development of lung cancer, it highlights the need to do research of populations

of different ancestries.

1.1 Objectives for this thesis

In this work, I use genome-wide association study (GWAS) summary statistics from

two populations, European and East Asian, to find how the two populations differ in

their germline genetic variations associated with lung cancer and smoking (due to its

strong connection to lung cancer).

The analysis contains three main directions:

• identifying relevant cell-types and pathways associated with lung cancer for

both populations

• identifying relevant cell-types and pathways associated with smoking for both

populations

• comparing the smoking and lung cancer GWAS, as well as associated cell-types

and pathways, between the European and East Asian population

16



1.2 Thesis outline

The rest of this thesis is outlined as follows. Chapter 2 introduces the datasets used

and presents the differences between the Manhattan plots for the lung cancer and

smoking GWASes in the two populations. Chapter 3 lays out the methods that were

used to analyze the data. Chapter 4 presents the results of this thesis and provides a

discussion of the interpretation of these results. Chapter 5 summarizes my work and

proposes future directions for this research.

17
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Chapter 2

Background

2.1 Datasets Used

2.1.1 GWAS Datasets

I have used publicly available GWAS summary statistics15,16,17 that use data from UK

Biobank18, FinnGen1 and BioBank Japan2. These biobanks contain the genotypes

and phenotypes from hundreds of thousands of people. In particular, Table 2.1 and

Table 2.2 contain the number of samples in each of the two populations for the

two phenotypes used (lung cancer and smoking/cigarettes per day). Note that the

cigarettes per day GWAS are continuous, therefore there is no case/control separation

for the samples. Also note that data from FinnGen and UK Biobank is merged into

one single European GWAS summary statistic.

Population Total samples Cases Controls
European 492,803 3,791 489,012
East Asian 178,726 4,444 174,282

Table 2.1: Number of samples in the lung cancer GWAS summary statistics

19



Population Total samples
European 128,434
East Asian 74,893

Table 2.2: Number of samples in the smoking GWAS summary statistics

2.1.2 Annotations Datasets

For the annotations used to calculate the heritability enrichment in LD score regres-

sion, I used multiple datasets. Various types of annotations (histone modifications,

DNase hypersensitivity peaks, gene expression) are used to derive insights on the

biological meaning behind the GWAS associations.

My initial analysis uses gene expression annotations and epigenomic annotations

in the form of LD scores from the cell-type specific analysis performed by Funicane et

al19. The gene expression data was from GTEx20,21 and another dataset from Lude

Franke’s lab22 that contains gene expression data from human, mouse and rat sam-

ples, for a total of 205 cell-type- or tissue-specific gene expression-based annotations.

The epigenomic annotations contain narrow peaks from the Roadmap Epigenomics

consortium for DNase I hypersensitivity (DHS) and five activating histone marks

(H3K27ac, H3K4me3, H3K4me1, H3K9ac and H3K36me3). Each of these six fea-

tures was present in a subset of the 88 primary cell types or tissues, for a total of 397

cell-type- or tissue-specific epigenomic annotations.

In addition to the above datasets, I have also used annotations from EpiMap23.

It was built using multiple histone mark annotations and chromatin accessibility

regions. In particular, I used the EpiMap modules which were derived by clustering

the enhancers into 300 distinct modules.

2.2 Differences between European and East Asian

GWAS loci

Figure 2-1 and Figure 2-2 show the Manhattan plots for lung cancer GWAS in the

Finnish and East Asian population. We can see that the distributions of associations

20



is greatly different and the most significant SNPs are differing between the two pop-

ulations. This could suggest differences in causal variants, which would motivate a

need for different treatment and testing strategies.

Figure 2-1: Manhattan plot of the European lung cancer GWAS from FinnGen1

Figure 2-2: Manhattan plot of the East Asian lung cancer GWAS from BioBank
Japan2

21



We have also performed a heterogeneity test to verify our observation. It shows

that there are significant differences between the East Asian and European (UK

Biobank and FinnGen combined) GWASs.

Figure 2-3: GWAS meta-analysis heterogeneity test between the European and East
Asian population

22



Chapter 3

Methods

The genome has a natural structure where loci near each other are highly correlated

with each other in linkage disequilibrium blocks. Due to this, GWAS plots show

multiple correlated loci all with a high association with the phenotype, which makes

it hard to deduce the causal variant.

Linkage disequilibrium (LD) score regression is a method first introduced by Bulik-

Sullivan et al.24 to help understand whether the inflation of test statistics is due to

polygenicity of the studied phenotypes or confounding biases in the population.

We can use this method to help us identify the key cell types and pathways from

the GWAS data. By partitioning the SNPs into categories (that could correspond

to conserved regions of the genome or gene regions expressed in a given tissue, for

example), we can ask whether SNPs that belong to that category have a higher

heritability enrichment than expected. In particular, stratified LD score regression25

uses LD scores to compute how much of the heritability of a given SNP can be

contributed to each of the categories. These heritability enrichment estimates can be

used to find relevant tissue and cell-types by selecting annotations that cover sets of

loci associated with various tissue and cell-types19.

I used stratified LD score regression in conjunction with various sources of annota-

tion data to analyze the GWAS summary statistics. I used gene expression data20,21,

as well as epigenetic data23,26 to find differences and similarities between the relevant

cell-types and pathways that could explain the differences in rates of lung cancer and

23



smoking across the two populations.

I also used the EpiMap enhancer modules data23 to relate the most relevant

categories to gene ontology terms to get insight on biological processes associated

with the modules with high heritability enrichment. The gene ontology enrichments

were conducted using GREAT v3.0.0 for the biological process, cellular component

and molecular function ontologies.
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Chapter 4

Results and Discussion

In the next three sections, all p-value plots (such as Figure 4-2 and Figure 4-4) display

two vertical lines: one at the significance level of 𝑝 = 0.05 and one at the Bonferroni

corrected significance level. On all plots in the next three sections, the annotations on

the y-axis are always ordered in ascending order of heritability enrichment p values.

4.1 Heritability enrichment with gene expression

data and stratified LD score regression

For this analysis, the annotation data used was multi-tissue gene expression LD scores

data from the cell-type specific LD score analysis performed by Funicane et al19. I

performed stratified LD score regression as described in Chapter 4 on lung cancer

and smoking GWAS summary statistics data from the European and East Asian

population.

4.1.1 Lung cancer

In both populations, none of the heritability enrichment p-values were significant after

multiple hypothesis testing correction.

We can still see a very different ordering between the top gene expression an-

notations between the East Asian and European populations. We also see a large

25



heritability enrichment for various cell-type annotations in both of the populations

in Figure 4-1 and Figure 4-3.

Figure 4-1: Heritability enrichment in lung cancer for the European population

Figure 4-2: p-value of heritability enrichment in lung cancer for the European popu-
lation

26



Figure 4-3: Heritability enrichment in lung cancer for the East Asian population

Figure 4-4: p-value of heritability enrichment in lung cancer for the East Asian pop-
ulation
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4.1.2 Smoking

In the European population, we see a few cell-type annotation pass the significance

threshold after multiple hypothesis testing correction but in the East Asian population

none of the annotations show significance after the Bonferroni correction. Again, we

can see a very different ordering between the top gene expression annotations between

the East Asian and European populations. We also see a large heritability enrichment

for various cell-type annotations in both of the populations in Figure 4-5 and Figure 4-

7. The average heritability enrichment is higher for lung cancer compared to smoking

across both populations.

Figure 4-5: Heritability enrichment in smoking for the European population
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Figure 4-6: p-value of heritability enrichment in smoking for the European population

Figure 4-7: Heritability enrichment in smoking for the East Asian population
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Figure 4-8: p-value of heritability enrichment in smoking for the East Asian popula-
tion

4.1.3 Discussion

There are a few interesting observations that we can make from this data.

First, from the analysis on lung cancer in the European population, we see the

highest significance in heritability enrichment in brain-related cell-types and immune-

related cell-types, followed by some epithelium-related cell-types. On the other hand,

in the East Asian population, we see the highest significance in heritability enrich-

ment in epithelium-related cell-types, followed by a few of brain-related cell-types and

immune-related cell-types. This suggests that either:

• individuals of European ancestry are more frequently affected by germline mu-

tations in brain-related cell-types and immune-related cell-types compared to

individuals of East Asian ancestry or

• given the same frequency of germline mutations in brain-related cell-types and

immune-related cell-types, individuals of European ancestry are more likely to

develop lung cancer

30



Second, from the analysis on smoking in the European population, we see the

dominant highest significance in heritability enrichment in brain-related cell-types,

followed by some epithelium-related cell-types. On the other hand, in the East Asian

population, we see the highest significance in heritability enrichment in epithelium-

related cell-types, followed by a few brain-related cell-types. This suggests that either:

• individuals of European ancestry are more frequently affected by germline muta-

tions in brain-related cell-types compared to individuals of East Asian ancestry

or

• given the same frequency of germline mutations in brain-related cell-types, in-

dividuals of European ancestry are more likely to develop smoking habits. This

hypothesis could imply differences in smoking addiction mechanisms between

the two populations.

Finally, from comparing Figure 4-1 and Figure 4-3 to Figure 4-5 and Figure 4-7,

we see that among the top associated cell-types, the average heritability enrichment

for lung cancer is about twice as large that for smoking across the two populations.

This could be interpreted as smoking being more dependent on environmental effects

as opposed to germline effects when compared with lung cancer, which would make

sense since smoking is a behavior enforced by the surrounding community.
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4.2 Heritability enrichment with histone marks and

stratified LD score regression

For this analysis, the chromatin annotations used were from multi-tissue DNase I

hypersensitivity (DHS) sites and five activating histone marks (H3K27ac, H3K4me3,

H3K4me1, H3K9ac and H3K36me3) from Roadmap Epigenomics26. The LD score

data from these chromatin annotations is from the cell-type specific LD score analysis

performed by Funicane et al19. I performed stratified LD score regression as described

in Chapter 4 on lung cancer and smoking GWAS summary statistics data from the

European and East Asian population.

4.2.1 Lung cancer

In both populations, none of the heritability enrichment p-values were significant after

multiple hypothesis testing correction.

Like in the previous section, we see a different ordering between the top chromatin

annotations between the East Asian and European populations. We also see a large

heritability enrichment for various cell-type annotations in both of the populations

in Figure 4-9 and Figure 4-11.

Figure 4-9: Heritability enrichment in lung cancer for the European population
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Figure 4-10: p-value of heritability enrichment in lung cancer for the European pop-
ulation

Figure 4-11: Heritability enrichment in lung cancer for the East Asian population
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Figure 4-12: p-value of heritability enrichment in lung cancer for the East Asian
population

4.2.2 Smoking

In the European population, we see a few chromatin annotation pass the significance

threshold after multiple hypothesis testing correction but, again, in the East Asian

population none of the annotations show significance after the Bonferroni correction.

There is also an extremely different ordering between the annotations between the

East Asian and European populations and a large heritability enrichment for various

chromatin annotations in both of the populations in Figure 4-13 and Figure 4-15.

The average heritability enrichment is higher for lung cancer compared to smoking

across both populations.
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Figure 4-13: Heritability enrichment in smoking for the European population

Figure 4-14: p-value of heritability enrichment in smoking for the European popula-
tion
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Figure 4-15: Heritability enrichment in smoking for the East Asian population

Figure 4-16: p-value of heritability enrichment in smoking for the East Asian popu-
lation

4.2.3 Discussion

There are a few interesting observations that we can make from this data.

First, from the analysis on lung cancer, wee see the that the top annotation lists are

more similar between the two populations than they were when we used gene expres-

sion annotations. In both populations, we see the highest significance in heritability

enrichment in epithelium-related active regions, followed by some immune-related ac-
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tive regions in the European population and nervous-system-related active regions in

the East Asian population.

Second, from the analysis on smoking in the European population, we see the

dominant highest significance in heritability enrichment in brain-related active regions

(just like in the previous section). On the other hand, in the East Asian population, we

see the highest significance in heritability enrichment in immune-related and nervous-

system-related active regions with a a few epithelial-related active regions. This again

suggests that either:

• individuals of European ancestry are more frequently affected by germline muta-

tions in brain-related cell-types compared to individuals of East Asian ancestry

or

• given the same frequency of germline mutations in brain-related cell-types, in-

dividuals of European ancestry are more likely to develop smoking habits. This

hypothesis could imply differences in smoking addiction mechanisms between

the two populations.

It is also worth noticing that different recruitment strategies between the two biobanks

could be influencing the differences we see between the two populations. In general,

participants in the UK BioBank are on average healthier than the average popula-

tion27.

Finally, from comparing Figure 4-9 and Figure 4-11 to Figure 4-13 and Figure 4-15,

we see that among the top associated annotations, the average heritability enrichment

for lung cancer is about twice as large that for smoking across the two populations.

Again, like in the previous section, this could be interpreted as smoking being more

dependent on environmental effects as opposed to germline effects when compared

with lung cancer.
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4.3 Heritability enrichment with EpiMap DHS data

and stratified LD score regression

For this analysis, the epigenetic annotations used were enhancer modules from EpiMap23.

There is a total number of 300 EpiMap modules that were defined by k-centroids

clustering of active enhancers. The LD score data from the EpiMap annotations was

computed using the software package ldsc28 by Brendan Bulik-Sullivan and Hilary

Funicane. I performed stratified LD score regression as described in Chapter 4 on

lung cancer and smoking GWAS summary statistics data from the European and

East Asian population.

4.3.1 Lung cancer

In both populations, while none of the heritability enrichment p-values were significant

after multiple hypothesis testing correction, we see some modules showing signs of a

significant heritability enrichment.

Like in the previous section, we see a very different set of modules showing the

highest heritability enrichment between the East Asian and European population.

We also see a large heritability enrichment for various cell-type annotations in the

European populations in Figure 4-17. However, for the East Asian population, we

see very small (centred around 0) enrichment values in Figure 4-18.
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Figure 4-17: Heritability enrichment in lung cancer for the European population
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Figure 4-18: Heritability enrichment in lung cancer for the East Asian population
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Figure 4-19: p-value of heritability enrichment in lung cancer for the European pop-
ulation

Figure 4-20: p-value of heritability enrichment in lung cancer for the East Asian
population
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For this reason, I have decided to also plot the error bars for the regression co-

efficients (they correspond to how much heritability is enhanced if a SNP is part of

that annotation module relative to the baseline model25). Figure 4-22 shows a dis-

tribution of regression coefficients that isn’t entirely centered around 0 compared to

Figure 4-18. This lets us indirectly compare the enrichment distribution among the

two populations.

Figure 4-21: Regression coefficient in lung cancer for the European population
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Figure 4-22: Regression coefficient in lung cancer for the East Asian population
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Figure 4-23: p-value of regression coefficient in lung cancer for the European popula-
tion

Figure 4-24: p-value of regression coefficient in lung cancer for the East Asian popu-
lation
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4.3.2 Smoking

Figure 4-25: Heritability enrichment in smoking for the European population
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Figure 4-26: Heritability enrichment in smoking for the East Asian population
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Figure 4-27: p-value of heritability enrichment in smoking for the European popula-
tion

Figure 4-28: p-value of heritability enrichment in smoking for the East Asian popu-
lation
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In the European population, we see a few modules pass the significance threshold

after multiple hypothesis testing correction but, again, in the East Asian population

none of the annotations show significance after the Bonferroni correction. There is

also an extremely different distribution of enrichment values and p-values between the

annotations between the East Asian and European populations. We also see a large

heritability enrichment for multiple modules in the European populations in Figure

4-25. However, for the East Asian population, we see very small (centred around 0)

enrichment values in Figure 4-26.

Similarly to what I did for the lung cancer analysis, I have plotted the error bars

for the regression coefficients (corresponding to how much heritability is enhanced

if a given SNP is part of that annotation module relative to the baseline model25).

Figure 4-30 shows a distribution of regression coefficients that isn’t entirely centered

around 0 compared to Figure 4-26. This lets us indirectly compare the enrichment

distribution among the two populations.
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Figure 4-29: Regression coefficient in smoking for the European population
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Figure 4-30: Regression coefficient in smoking for the East Asian population
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Figure 4-31: p-value of regression coefficient in smoking for the European population

Figure 4-32: p-value of regression coefficient in smoking for the East Asian population

After obtaining the most enriched modules, I have used the gene ontology enrich-

ment data from EpiMap23 for these modules to understand more about the function

and biological meaning of these highly associated modules.
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Figure 4-33: Most significantly enriched GO terms in lung cancer for the European
population

Figure 4-34: Most significantly enriched GO terms in lung cancer for the East Asian
population
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Figure 4-35: Most significantly enriched GO terms in smoking for the European
population

Figure 4-36: Most significantly enriched GO terms in smoking for the East Asian
population

4.3.3 Discussion

Like in the previous sections, we see a stark difference between the distributions of

highly associated annotations between the European and the East Asian popula-

tion. In addition, we can see that the GO enrichment terms differ between the two

populations in a similar pattern as in the last two sections. For lung cancer, in the

European population the top enrichments indicate morphogenesis, tissue development

and nervous-system-related associations, while in the East Asian population the top

enrichments indicate morphogenesis and epithelial tissue development. For smoking,
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we see immune-related enrichment present in European associations but not as much

in the East Asian ones.
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Chapter 5

Conclusion

5.1 Future work

There are a few interesting avenues that can pursued in the future to extend the work

from this thesis.

The first future direction can be to perform colocalization between smoking and

lung cancer GWAS data. We might find that a specific SNP is highly associated with

both lung cancer and smoking in one population but in the other population it is only

highly associated with smoking and not lung cancer. One aspect to consider in this

analysis is that due to linkage disequilibrium multiple nearby loci will be clustered

together due to their correlation to each other.

I have performed preliminary analysis that highlights the difference between the

two plots visually: Figure 5-1 from European ancestry is showing a few loci with high

association in both lung cancer and smoking while Figure 5-2 from East Asian ances-

try one does not. I hypothesize that this might be the cause of East Asian smokers

having a lower increase in risk of lung cancer than European smokers. Perhaps some

of the associated loci are related to addiction (and thus might not be directly associ-

ated with lung cancer) and others are associated with both lung cancer and smoking

through common pathways.
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Figure 5-1: Colocalizing the significant loci between the European smoking and lung
cancer GWAS

Figure 5-2: Colocalizing the significant loci between the East Asian smoking and lung
cancer GWAS

Another direction can be generating polygenic scores. It would be interesting to

see if explicitly taking into account the ancestry information or the significant SNPs

associated with only one ancestry could be of help in improving the polygenic risk

scores for lung cancer and even potentially for smoking. So far, the performance of

polygenic scores on lung cancer biobank data has not had great predictive power29.

We can also compare the results from analyzing the smoking GWAS to GWAS

of other addictive behaviors. We could try to verify if there is a common thread of

addiction related loci only present in one population and not the other.
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Finally, it can be helpful to perform colocalization of smoking and lung cancer

GWAS data with eQTL data. This can be done using eCAVIAR30, for example.

Buyn et al. have done this for SNPs that are common across the ancestries that

they considered9 but it would be helpful to perform this analysis for loci that are not

common across ancestries to uncover differences between them.

5.2 Summary

This work highlights the large differences between germline variation in lung cancer

patients from East Asian and European background, suggesting different causal vari-

ants and mechanisms for the disease. We analyze GWAS data from three biobanks

across European and East Asian ancestry and use gene expression and epigenetic

annotations to uncover differences in associated cell-types and biological processes.

More data from different ancestries is needed to fully understand disease heterogene-

ity across the populations and extensive experimental work is needed to verify the

loci and pathways that are found to be associated with the disease in studies similar

to this one.
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