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ABSTRACT 

Ovarian cancers have registered rising cases of morbidity and mortality over the years. There is 

an assumption that Type 2 Diabetes Mellitus has a causal relationship with ovarian cancer due to 

the alarming rising incidence statistics. This research aimed at using a two-sample Mendelian 

Randomization design to undertake the causal relationship investigation. The specific objectives 

were to find out whether there exists heterogeneity, horizontal pleiotropy, and the causal 

relationship between Type 2 Diabetes Mellitus and ovarian cancer. Some of the epidemiologists 

have applied observational studies for example, cohort and case-control to investigate this causal 

relationship but ended up with conflicting points of view. The reason for the opposing results is 

that observational studies are prone to confounding errors and reverse causation, which has led to 

inaccurate conclusions. This research employed Mendelian randomization technique which uses 

genetic variants as instrumental variables, which undergo random allocation at conception hence 

it is therefore not affected by confounding factors. Apart from that, in this method the genetic 

variants were non-modifiable and thus not altered by reverse causation. The study used the 

inverse variance weighted technique and Mendelian Randomization-Egger method to obtain the 

causal estimates and test for the model sensitivity using the R software. The study indicated that 

there was no evidence of causal relationship between Type 2 Diabetes Mellitus and ovarian 

cancer (Mendelian Randomization-Egger: beta= -0.0476, standard error = 0.0619, p-value = 

0.4479, Inverse Variance Weighted: beta = -0.0165, standard error = 0.0257, p-value = 0.5217). 

The odds ratios indicated that the two-sample Mendelian randomization had the power to detect 

0.0464 and 0.0164 decrease in variability per 1 standard deviation for Mendelian 

Randomization-Egger and Inverse Variance Weighted respectively (Mendelian Randomization-

Egger: odds ratio = 0.9536, confidence interval: 0.8447, 1.0765, Inverse Variance Weighted: 

odds ratio = 0.9836, confidence interval: 0.9352, 1.0345). This approach alleviated the usual 

problem of reverse causation and confounding factors hence depicting clearly that there is no 

causal relationship between Type 2 Diabetes Mellitus and ovarian cancer.  
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DEFINITION OF TERMS 

Causal inference is the science or process of drawing conclusion on the causal relationship 

between two or more events basing on a particular data 

Causal relationship refers to a scenario where one condition (exposure) leads to the occurrence 

of another disease (outcome) 

Causality refers to cause and effect; a situation where one phenomenon leads to the occurrence 

of another event 

Confounding factor is a variable that has a major role on a particular cause-and-effect 

relationship but it has not been included in the study 

Epidemiology is a branch of biology that deals with the distribution and causation of health-

related occurrences among a particular population 

Genetics is a branch of science that deals with the study of genes, their variations, and heredity 

of organisms 

Genome-wide association studies (GWAS) is group of researchers that identify the genetic 

variants that have association with a particular phenotype 

Linkage disequilibrium is the situation where the alleles of different loci have a non-random 

relationship. 

Mendelian randomization is an approach used to investigate the causal relationship between an 

exposure and outcome 

Pleiotropy is a situation where the genetic variants affect multiple phenotypes those appear to 

appear to have no association 

Reverse causation is a situation where, it is expected that factor A causes factor B but in reality 

factor B causes factor A 
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CHAPTER ONE 

INTRODUCTION 

1.1 Overview 

This chapter gives the insights about Type 2 Diabetes Mellitus and ovarian cancer. It also 

indicates the statement of the problem, objectives of the study, significance, limitation and 

the scope of the thesis. 

1.2 Background of the Study 

People have noticed the rising morbidity and mortality cases associated with cancers  and 

are now blaming the doctors for the late diagnosis of malignancies and the government for 

lack of efficient facilities to fight this menace (Pilleron et al., 2021). Many of the people 

neglect how their health condition may be contributing to the development of cancer 

(Savard and Morin, 2001; Gibson et al., 2015). Ovarian cancer is one of the deadly 

malignancies due to its late diagnosis and women with Type 2 Diabetes Mellitus (T2DM) 

have low survival rates from it (Urpilainen et al., 2018). Therefore, there is a need for 

causal relationship determination between Type 2 Diabetes Mellitus and ovarian cancer 

using two-sample Mendelian randomization.  

1.2.1 Type 2 Diabetes Mellitus 

Diabetes is one of the metabolic disturbance conditions, which can occur when there is 

underproduction of insulin, or the body does not effectively use the hormone. Insulin is a 

hormone that helps significantly in the regulation of blood sugar (Tao et al., 2015). The 
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World Health Organization (WHO) describes T2DM as a chronic disease distinguished by 

hyperglycemia, raised blood sugar.  

The WHO reported that Diabetes cases have exponentially risen from about 108 million in 

1980 to approximately 422 million in 2014 (Roglic, 2016). This situation reflects that the 

global prevalence had also changed from about 4.7% in 1980 to about 8.5% in 2014. The 

WHO statistics show that in 2012, about 2.2 million deaths had an association with high 

blood glucose. This insight depicts that T2DM is one of the menaces in the societies 

affecting approximately 3.0% to 4.0% of the adults (Tsilidis et al., 2015). WHO has made 

some steps to reduce the prevalence of T2DM, for instance, it has designated 14th 

November every year as awareness day on the global epidemic of Diabetes. Apart from 

that, it has developed the standard and required norms for Diabetes diagnosis and care. 

Kibirige et al. (2019) indicated that Africa has a Diabetes Mellitus disease prevalence of 

approximately 3.1%. This prevalence indicates that about 15.9 million adults in Africa are 

battling with Diabetes Mellitus. According to Kibirige et al. (2019), most people in the 

African continent are undiagnosed with the disease hence there is an expectation that the 

incidences will increase by about 156% by 2045. Mercer et al. (2019) noted that most 

African countries are trying to improve the Diabetes care programs, which will ensure 

accessibility, quality, and safety of medications. 

The WHO estimated that the Diabetes prevalence in Kenya stands at around 3.3% and it is 

expected to rise to about 4.5% by 2025. Jones (2013) stated that in 2010, Diabetes Mellitus 

led to 2% of the total deaths. The Kenyan government has stepped up in helping the people 

with Diabetes by subsidizing the prices of insulin. However, the insulin supply usually runs 

out and there is mismanagement of funds directed to fighting this menace (Jones, 2013).  
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1.2.2 Ovarian cancer 

Cancer refers to a collection of associated conditions that lead to abnormal cell growth that 

has the possibility of spreading (Greenstein, 2016). Many types of cancers exist, for 

example, breast, prostate, colorectal, ovarian malignancies, among others.  

According to 2018 global cancer statistics, there were about 300,000 new ovarian cancer 

incidences recorded (Bray et al., 2018). The 2018 Global Cancer Incidence, Mortality and 

Prevalence (GLOBOCAN) estimates indicated that ovarian cancer is the eighth most 

prevalent malignancy among women globally. Momenimovahed et al. (2019) noted that 

ovarian cancer accounts for about 3.4% of all malignancies in women using GLOBOCAN 

295,414 cases. The research further stated that approximately 184,799 deaths had an 

association with ovarian cancer, accounting for about 4.4% of cancer-related demise in 

2018. Most of the diagnoses of ovarian cancer usually occur in the advanced stages. The 

late diagnoses account for about two-thirds of the cases; hence the survival rates tend to be 

low due to lack of effective screening strategies (Wang et al., 2017). These low survival 

rates necessitate the identification of the predisposing factors to reduce the chances of this 

type of cancer. 

Ovarian cancer is ranked second in Africa among the gynecological malignancies. 

(Akinfolarin, 2020). The major obstacle of the management of this disease in Africa is lack 

of sufficient screening facilities. This situation hence leads to the late diagnosis of the 

ovarian cancer. Most African countries are now combating ovarian cancer through 

escalation of public awareness and making sure that the machines for detection and 

diagnosis of the diseases are available. They also try to ensure that there is affordability of 

the treatment for all cancers.  
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In Kenya, ovarian cancer is ranked third among the major causes of deaths from 

gynecologic tumors (Cheserem et al., 2013). Like other countries, Kenya experiences a 

challenge in the diagnosis of the ovarian cancer because of the non-specific characteristics 

and symptoms at its onset. Due to this reason, more than half of the women with ovarian 

cancer come to know of their status at the advanced stages (Cheserem et al., 2013). The 

Kenyan government is currently trying to invest on the screening machines and training of 

the medical personnel with an aim of curbing the cancer menace as a whole.   

1.2.3 Relationship between Type 2 Diabetes Mellitus and ovarian cancer 

Many studies indicate that T2DM is one of the significant predisposing factors for most 

types of malignancies (Harding et al., 2015; Tsilidis et al., 2015). The reason for this is that 

T2DM has a relationship with insulin resistance, hyperinsulinemia, and chronic 

inflammation, which contribute to the development of cancers (Juong et al., 2015). Women 

with T2DM have ovarian steroid hormone, which alters the levels of estrogen, androgen, 

and progesterone. For instance, ovarian steroid hormone leads to an increase of estrogen 

and androgen levels while resulting in the reduction of progesterone. This situation, 

therefore, creates the potential carcinogenic conditions for the ovaries. T2DM tends to 

increase insulin or insulin like growth-factors 1 (IGF-1) levels, which have a relationship 

with the development of ovarian cancer (Joung et al., 2015). The reason for this action is 

that higher levels of insulin and IGF-1 intensifies proliferation and slows down apoptosis 

in the affected cells, hence leading to the advancement of ovarian malignancy.  

Several scholars have tried to investigate the causal relationship between T2DM and 

ovarian cancer using classical epidemiological methods like case-control and cohort studies 

(Wang et al., 2017; Urpilainen et al., 2018). Some of the reviews suggested that women 

with T2DM have a high probability of contracting ovarian cancer than their counterparts. 
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In contrast, other studies indicated that there was no sufficient evidence supporting the 

relationship. For instance, Wang et al. (2017) concluded that women with Diabetes 

Mellitus have a high probability of becoming victims of ovarian cancer, especially Asians. 

On the other hand, Urpilainen et al. (2018) demonstrated that there is no proof of an 

association between T2DM and ovarian cancers among women using metformin or oral 

anti-diabetic medicines.  

These conflicting points of view indicate that classical epidemiological studies may be 

giving unreliable results due to biases arising from confounding and reverse causality. 

Therefore, the study used a two-sample Mendelian randomization (MR) method to 

investigate whether there is a causal relationship between T2DM and ovarian cancer.  

1.3 Statement of the Problem 

An ideal research methodology would be expected to carry out causal inference without 

being affected by confounding factors and reverse causation. However, many studies have 

given conflicting points of view regarding the causal relationship between T2DM and 

ovarian cancer (Craig et al., 2016.) Many of these studies use observational 

epidemiological methods that do not take into account biases from confounding factors like 

the degree of glycemic control; and reserve causality. Observational studies have been 

found to be affected by the possible confounding factors like familial history, the mutation 

of genes, menstrual periods, and the oral contraceptive usage in the analysis (Bashir and 

Litonjua, 2018). Therefore, there is need to adopt a better technique that do not suffer the 

setbacks as the observational methods. MR method is such a technique that can be utilized 

in the determination of the causal relationship between T2DM and ovarian cancer. Sekula 

et al. (2016) noted that a MR is an approach that uses genetic variants (SNPs) as 

instrumental variables to test the causal relationship between the exposure (T2DM) and the 
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outcome (ovarian cancer). The genetic alleles undergo randomized allocation at 

conception; hence they are free from confounding factors and reverse causality. Notably, 

there are limited researches in literature that explains the causal relationship between 

T2DM and ovarian cancer, and in particular those that have used the two-sample MR 

approach. There is therefore a need to use a robust method to determine whether there is a 

causal relationship between T2DM and ovarian cancer.  

1.4 General Objective  

To investigate if there is a causal relationship between T2DM and ovarian cancer using 

two-sample Mendelian randomization 

1.5 Specific Objectives  

The specific objectives of the study were; 

1. To examine the homogeneity of the study data using Cochran’s Q and I-square 

statistics.  

2. To establish whether or not the selected Single Nucleotide Polymorphisms (SNPs) 

affect the outcome (ovarian cancer) through a biological pathway that is 

independent of the exposure (T2DM) in the study using MR Egger intercept. 

3. To determine whether or not the exposure (T2DM) causes the outcome (ovarian 

cancer) using Inverse Variance Weighted (IVW) technique and MR-Egger method. 

1.6 Research Hypotheses 

The null hypothesis (H0): There is no causal relationship between Type 2 Diabetes Mellitus 

(T2DM) and ovarian cancer 

The alternative hypothesis (H1): There is causal relationship between Type 2 Diabetes 

Mellitus (T2DM) and ovarian cancer 
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1.7 Justification of the Study 

Many epidemiological studies indicate that there is a high development of ovarian cancer 

in women patients because of the daily doses glargine, which is long-acting insulin (Joung 

et al., 2015). It was also deduced that about 40-80% of the T2DM patients get the 

recommendation from the doctors to use insulin therapy, which will assist them in 

controlling glycemic levels. However, insulin, IGF-1, and the ovarian steroid hormone can 

act synergistically and increase the chances of contracting ovarian cancer (Joung et al., 

2015). Therefore, this study aims at determining if there is sufficient suggestion of the 

causal relationship between T2DM and ovarian cancer.  

1.8 Significance of the Study 

Most of the epidemiologists and scholars have been using observational methods while 

carrying out the causal inference between two diseases. However, some of the scientists 

have indicated that these observational studies face drawbacks from confounding factors 

and reverse causation. Therefore, this study is significant because it gives the scholars and 

epidemiologist the alternative option of carrying out the causal inference using a method 

that thrives against confounding factors and reverse causation because it uses genetic 

variants as instrumental variables. 

This study aims at finding out the causal relationship between Type 2 Diabetes Mellitus 

and ovarian cancer. Therefore, this study is significant to the stakeholders since with the 

appropriate results, scientists and medical practitioners will be better placed in coming up 

and prescribing medication accordingly 
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1.9 Limitation of the Study 

This research used a MR technique to determine the causal relationship between T2DM 

and ovarian cancer. This method is recommendable since it uses genetic variants as 

instrumental variables, hence able to establish whether there is causal relationship between 

an exposure and the outcome. This model has different types of randomization, like two-

sample, bidirectional, multivariable, factorial, and more (Zheng et al., 2017). Therefore, 

this study limits itself to using two-sample Mendelian randomization since this method 

utilizes datasets from different population hence able to widen the scope of the study unlike 

the other techniques.  

1.10 Scope of the Study 

Mendelian randomization uses genotypes to evaluate causality between two diseases since 

they are not susceptible to reserve causation and confounding factors (Koellinger and De 

Vlaming, 2019). The study used the secondary data. Therefore, the summary statistics were 

retrieved from Ovarian Cancer Association Consortium (OCAC) and 

DIAGRAMplusMetabochip consortium.  

1.11 Outline of the Thesis 

This thesis is organized into five chapters. Chapter one outlines the background of the 

study leading to the identification of the problem, the objectives of the study, justification, 

significance, limitation and the scope of the study. The literature review of the various 

observational methods and the Mendelian randomization are presented in chapter two. 

Chapter three gives the step by step research methodology of the study. The results of the 

study are widely discussed in chapter four. Finally, chapter five gives the summary, 

discussions and recommendations of the study. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Introduction 

This chapter gives an overview of observational studies and the challenges that necessitate 

the use of the Mendelian randomization technique. It has also discussed the Mendelian 

randomization method and its advantages as well as identifying the knowledge gap. 

2.2 Observational Studies 

The main aim of some epidemiological researches is to investigate the relationship between 

an exposure variable (environmental or genetic) and a medical condition outcome (Lucas 

and McMichael, 2005). Most of the epidemiological researches are non-experimental; 

hence they are prone to errors. The two researchers suggested that the investigators should 

proceed cautiously in making causal inferences because of the random, systematic, and 

confounding errors that may occur. The researchers should understand that having 

correlated variables does not necessarily indicate that there is a causal relationship because 

confounding factors may be the prime reason for the close relationship. Dickers et al. 

(2006) note that various observational epidemiological methods help in causal inference, 

for example, cohort studies and case-control studies. They indicated that the researchers 

simply observe the association that the exposure has on the outcome (disease) status of 

each participating individual. This situation indicates that there is a high probability of 

encountering confounding factors and reverse-causation thus there is a need to adopt a 

more sophisticated epidemiological technique like Mendelian randomization.  
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2.2.1 Cohort studies 

In modern epidemiological studies, a cohort refers to a group of individuals with specific 

characteristics who are under investigation to establish the incidence of an occurrence of a 

disease outcome (Song and Chung, 2010). This method requires a researcher to first select 

a disease-free group by the exposure. The researcher then has to follow up on the cohort on 

schedule until the outcome of interest occurs (Song and Chung, 2010). Dekkers et al. 

(2012) noted that there are two types of cohort methodology; prospective and retrospective. 

According to them, prospective studies start from the present into the future and use 

specified data collection techniques. This feature makes it advantageous in that it can 

acquire specific exposure data and has a high probability of getting complete information 

(Dekkers et al., 2012). However, this method is vulnerable to high loss of data if the event 

of interest takes long to occur. Retrospective cohort studies, on the other hand, use the past 

acquired data to analyze the exposure-outcome link in the present (Lucas and McMichael, 

2005). This method is less costly and takes a shorter time compared to the prospective 

cohort study. However, Song and Chung (2010) deduce that the researcher has limited 

control over data collection and thus the information put into use may be incomplete.  

Many researchers have used cohort studies to determine a relationship between exposure 

and outcome. For example, Huxley et al., (2006) investigated the relationship between fatal 

coronary heart disease and diabetes in men and women using 37 prospective cohort studies. 

The researchers found out that diabetic patients had a high probability of contracting fatal 

coronary heart disease than non-diabetic individuals (5.4% vs. 1.6%). Apart from that, the 

researchers concluded that women had a 50% higher chance of fatal coronary heart disease 

than men (Huxley et al., 2006). However, they noted that the study had some limitations. 

For instance, the researchers indicated that they did not exclude potential confounding 
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effects from the menopausal situation and hormone replacement therapy because the 

information was not readily accessible. Besides that, the researchers did not address the 

issue of reverse causation in their investigation hence weakening the prospective cohort 

design.  

2.2.2 Case-control studies 

This technique got its recognition first in 1926 when Janet Lane-Claypon used the method 

to show that the low fertility rate increases the chances of contracting breast cancer (Song 

and Chung, 2010). This research design requires the researcher to start by selecting a group 

of people with the disease of interest, case-patients. The investigator should then enroll the 

individuals without the disease to act as a control group (Dicker et al., 2006). The two 

groups of individuals should come from the same population. The examiner then compares 

the previous exposure data between the two selected categories. The main reason for 

having a control group is to act as the baseline or to give the expected degree of exposure 

in the population (Dicker et al., 2006). Case-control studies are efficient, especially, when 

investigating rare diseases or incidences with long latency (Song and Chung, 2010). 

Besides that, Dicker et al., (2006) indicated that there are suitable in studying dynamic 

populations where follow-ups are difficult. However, the method is vulnerable to bias, 

especially, in the selection stage.  

Many epidemiologists have put into use the case-control research design in establishing the 

causal link between the exposure and the outcome. For example, Ness et al., (2002) 

conducted research trying to establish if there is a causal relationship between impotence 

and reproductive drug use and ovarian cancer using this method. The researchers used 8 

case-control studies carried out between 1989 and 1999. The study had 5,207 case-patients 
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and 7,705 controls (Ness et al., 2002). The researchers found out that some specific 

biological causes of impotence and not the use of fertility medicines increases the chances 

of developing ovarian cancer (Ness et al., 2002). However, the researchers did not explain 

the possibility of confounding factors and reverse causation affecting the study. This 

situation indicates the limitation of case-control studies and thus there is a need to adopt a 

better method. One such a sophisticated epidemiological technique is Mendelian 

Randomization. In section 2.2 we discuss this method. 

2.3 Mendelian Randomization 

MR is a research model that assists in establishing the causal relationship between a 

modifiable predisposing factor (exposure) and the outcome. Sheehan et al., (2008) noted 

that it uses instrumental variables, which makes Mendelian randomization paradigm to be 

recommendable because they mimic the random allocation of genetic variants to the risk 

factors. This situation, therefore, ensures that confounding factors and reverse causation 

does not alter the causal analysis. Burgess (2012), on the other hand, noted that this method 

got its basis from Grigor Mendel’s two laws of inheritance of 1866 (law of segregation and 

independent assortment). He defines the instrumental variables as exogenous components 

with endogenous exposure, and therefore, helps in estimating the causal effect of altering 

the predisposing factor while maintaining other variants constant. Sekula et al., (2016) 

added that the use of genetic variants in the method makes it not to be prone to reverse 

causation because they are non-modifiable. Grover et al., (2017) indicate that the most 

genetic variants applied in this research design in single-nucleotide polymorphisms (SNPs) 

because their allele’s allocations occur randomly at conception before any exposure or 

outcome.  
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Different study designs for Mendelian randomization exist, for instance, bi-directional MR, 

two-step MR, and two-sample MR. Bi-directional MR enables the researchers to 

investigate if the chosen exposure causes the outcome or vice versa. This method is 

advantageous because it can determine if latent confounding may be causing the 

correlation. However, the interpretation of its results may be difficult due to the 

complexities of biology such as feedback loops (Zheng et al., 2017). The two-step MR 

method helps in assessing if an intermediate trait plays a role of causal mediation between 

a selected exposure and the outcome, hence enabling the estimation of direct and indirect 

effects. However, this technique does not consider linearity and homogeneity assumptions. 

This study uses a two-sample MR method in the determination of the existence or non-

existence of the causal relationship between T2DM and ovarian cancer. Its discussion is in 

section 2.2.1. These MR models have enabled the researchers to determine the causal link 

between the exposures and outcomes in different circumstances using the most suitable 

design.  

2.3.1 Two-sample Mendelian randomization 

Zheng et al., (2017) noted that two-sample MR enables the researchers to estimate the 

causal effects in a case where exposure and outcome data are from different samples. 

Lawlor (2016) stated that it is not necessary to obtain the genetic data from the same 

population. The researcher indicated that using two independent populations will help to 

sideline ‘winners’ curse’ that would have led to underestimation of the true causal effects if 

one group of individuals was used. Apart from that, Lawlor (2016) indicated that using two 

samples in the causal relationship analysis reduces the effects of weak instruments hence 

increasing the probability of obtaining true causal estimates. This concept makes this 

model suitable for the study because there are two samples; T2DM and ovarian cancer. 
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Zheng et al., (2017) indicated that this method is also advantageous because it greatly 

increases the scope of Mendelian randomization analysis.  

 

 

 

 

 

 

 

The conceptual framework indicates the causal association between the risk factor (X), 

T2DM and the outcome (Y), ovarian cancer using the instrumental variants (SNPs). This 

model indicates that the confounders (C) do not alter the genetic variant. Some of the 

confounders in this study may include familial history, gene mutation, menstrual periods, 

and the use of oral contraceptives. Mendelian randomization method has three core 

assumptions that need fulfillment for it to give unbiased results (Grover et al., 2017). The 

assumptions are as follows: 

1. The genetic variant should have a strong relationship with the exposure.  

2. The genetic variant should be independent of the confounding factors. 

3. The genetic variant should only have a relationship with the outcome via exposure. 

Walker et al., (2019) noted that SNPs are credible instruments for determining the causal 

association between an exposure and a disease outcome because of their random allocation 
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Figure 2.1. Two-Sample MR Conceptual Framework Showing the Causal 

Relationship between Type 2 Diabetes Mellitus and Ovarian Cancer 
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at conception and thus free from subsequent alteration from environmental factors. This 

insight deduces that if the three assumptions hold, the resulting MR effect estimates are not 

due to confounding and reverse causation. Assumption one needs biological support 

indicating that the gene that encodes the exposure biomarker has the selected genetic 

variant (Sekula et al., 2016). This assumption is empirically verifiable since the researcher 

can use the F statistic, odds ratio, risk ratio, and regression coefficient (𝑟2)to estimate the 

relationship. Assumptions two and three are not empirically verifiable, however, they are 

testable to some extent. Koellinger and De Vlaming (2019) noted that large-scale Genome-

Wide Association Studies (GWASs) have led to the discovering of various genetic loci for 

many risk factors. This discovery has led to the use of many SNPs in determining the 

causal link between the exposure and the outcome hence addressing assumption two.  

2.4 Horizontal Pleiotropy  

Swerdlow et al., (2016) define pleiotropy as a case where the genetic variant has a 

relationship with more than one phenotype. There are two categories of pleiotropy; 

horizontal and vertical. Horizontal pleiotropy refers to an instance when the SNP has a 

relationship with the outcome through the pathway that is independent of the risk factor of 

interest (Type 2 Diabetes Mellitus). This manifestation invalidates assumption two of 

Mendelian randomization. This issue, therefore, led to the formulation of objective two of 

the study which aimed at determining whether or not there exist horizontal pleiotropy in 

the data used. In contrast, vertical pleiotropy occurs when the SNP has a relationship with 

other phenotypes that may present themselves in between the risk factor and the outcome 

(Walker et al., 2019). The adoption of stratified analysis or the use of allelic scores to 

exclude vertically pleiotropic variants helps in avoiding the occurrence (Sekula et al., 

2016). 
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Mendelian randomization technique has some threats and epidemiological researchers need 

to be keen on them. The researchers should ensure that they do not use weak genetic 

instrumental variants since it may give a biased effect estimate of the relationship between 

the exposure and the outcome (Sekula et al., 2016). One of the ways to solve this threat is 

to stick to the Genome-wide significance threshold (P-value <5× 10−8). Davies et al., 

(2018) explained that this threshold helps in reducing the number of false-positive 

relationships emanating from the statistical tests. Besides that, the researchers should 

ensure that they use large sample sizes, which will help in increasing the model effect size. 

Some of the indicators of effect size are the beta-coefficient, regression coefficient (𝑟2), 

and the F-statistic. Swerdlow et al., (2016) suggested that SNPs with 𝐹 > 10 are suitable 

for the Mendelian randomization analysis. Linkage disequilibrium (LD) is another problem 

encountered in MR. Linkage disequilibrium refers to an instance where the alleles have a 

statistical relationship at different loci (Sheehan et al., 2008). This situation may lead to the 

occurrence of confounding in the study and thus the researchers need to select only 

independent genetic variants as instruments (Sekula et al., 2016).  

2.5 Heterogeneity 

Another problem that may occur is genetic heterogeneity. This threat arises when several 

alleles can influence the selected phenotype at different genetic loci (Sheehan et al., 2008). 

Heterogeneity in the study leads to inconsistencies, and thus the researchers need to test for 

this issue using Cochran’s Q statistic (Higgins et al., 2003). Bowden et al., (2019) stated 

that having extreme heterogeneity shows that either there is model assumption violation or 

some of the genetic variants used are weak instruments. Apart from that, the researchers 

can employ 𝐼2 statistics to estimate the percentage of the total discrepancy in the study that 

is due to heterogeneity and not chances. Higgins et al (2003) suggested that percentage 
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values of 25%, 50%, and 75% represent low, moderate and high heterogeneity in the study, 

respectively. This issue led to the development of objective one which necessitated the 

study to investigate whether or not the data used in the analysis is homogenous.  

2.6 Mendelian Randomization Analysis Techniques 

Mendelian randomization design has various methods for obtaining the causal estimates, 

for instance, Wald Ratio, Maximum Likelihood, Median-based techniques, Model-based 

systems, Inverse Variance Weighted, MR-Egger. Walker et al., (2019) indicate that the 

Wald ratio is suitable when one IV is available. This method divides the regression 

coefficients of the outcome and the exposure. The Maximum Likelihood method utilizes 

the odds of the model, which focuses on the exposure-outcome relationship and the spread 

of the genetic relationship estimates. The median-based methods (simple, weighted, 

penalized-weighted) obtains the Wald ratios for each instrumental variable and picks the 

median value as specified by the technique to act as the required estimate (Walker et al., 

2019). On the other hand, model-based methods for example, simple model-based, 

weighted model-based techniques generate clusters from the causal effects of each 

instrumental variable. The largest cluster of the IVs will then provide the causal effect 

estimate for the study. Walker et al., (2019) state that model-based methods require zero-

mode bias terms for each IV. Inverse Variance Weighted technique also generates the 

Wald ratios and integrates the output using the meta-analysis method. This approach uses 

either fixed or multiplicative random effect models. The slope of the model gives the 

required causal estimates of the study. MR-Egger also utilizes Wald ratios for each SNP 

and uses an adapted Egger regression technique to amalgamate the results (Walker et al., 

2019). The Egger regression slope coefficient indicates the causal effect while the intercept 

of the Egger regression provides the average pleiotropic effect of the genetic instrumental 
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variables (GIV) under study. This research study focused on Inverse Variance Weighted 

(IVW) and MR-Egger techniques since they can work well when using summarized data 

and are capable of optimizing the likelihood function i.e. reducing estimator variance.  

Assume that all the associations between variables in Fig 2.1 in section (2.2.1) are linear 

and that there is no effect adjustment. Besides that, assume that all the genetic variants 

𝑍𝑗 (𝑗 = 1,2, … , 𝑁) have no linkage disequilibrium (LD). Let 𝛽𝑌𝑗
 denote the association 

between the genetic instrument variable 𝑍𝑗 (𝑗 = 1,2, … , 𝑁) and the outcome 𝑌 (ovarian 

cancer). Also, let 𝛽𝑋𝑗
 represent the relationship between the genetic variant 𝑍𝑗 (𝑗 =

1,2, … , 𝑁) and the exposure 𝑋 (type 2 diabetes). Burgess and Thompson (2017) suggested 

that it is possible to breakdown the relationship between the genetic instrument variable 

𝑍𝑗 (𝑗 = 1,2, … , 𝑁) and the outcome 𝑌 (ovarian cancer) into the sum of pleiotropic (direct) 

and causal (indirect) effects as follows: 

𝛽𝑌𝑗
=∝𝑗+ 𝜃𝛽𝑋𝑗

                                     (2.1) 

where, 

𝛽𝑌𝑗
 Indicates the relationship between the genetic instrument 𝑍𝑗 (𝑗 = 1,2, … , 𝑁) 

and the outcome 𝑌, ovarian cancer 

∝𝑗 represents the effect of the GIV on the outcome that is not through the exposure 

(pleiotropy)  

𝜃  represents the causal effect of the risk factor 𝑋, type 2 diabetes on the outcome 

𝑌, ovarian cancer.  

𝛽𝑋𝑗
 shows the association between the genetic variant 𝑍𝑗 (𝑗 = 1,2, … , 𝑁) and the 

exposure 𝑋, type 2 diabetes mellitus 
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2.6.1 Inverse variance weighted method 

Assume that there is one genetic variable 𝑍𝑗 that fulfills the Mendelian randomization 

assumptions given in section 2.2.1. If that is the case, Burgess and Thompson (2017) 

indicates that simple ratio of association can help to estimate the causal effect of the 

exposure (T2DM) on the outcome (ovarian cancer) as follows:  

𝜃𝑗 =
𝛽̂𝑌𝑗

𝛽̂𝑋𝑗

                                                                                                                 (2.2) 

where, 

𝜃𝑗 represents the estimated causal effect of the exposure 𝑋, T2DM, on the outcome 

𝑌, ovarian cancer 

When the research study uses multiple genetic instrumental variables, each simple ratio 

estimates need averaging using a meta-analysis approach to give inverse-variance weighted 

(IVW) estimates (Burgess and Thompson, 2017). This approach assumes that all the 

genetic instrumental variables have no linkage disequilibrium (LD) hence giving 

independent evidence on the causal effect. The delta expansion method provides the 

variance of the simple ratio estimate, which is as follows: 

𝑠𝑒(𝛽̂𝑌𝑗
)

2

𝛽̂2
𝑋𝑗

                                                                                                                  (2.3) 

where, 

𝑠𝑒 is the standard error 

Therefore, assuming the fixed-effect model then the IVW estimate is: 

𝜃𝐼𝑉𝑊 =
∑ 𝛽̂𝑌𝑗

𝛽̂𝑋𝑗
𝑠𝑒(𝛽̂𝑌𝑗

)
−2

𝑗

∑ 𝛽̂𝑋𝑗
𝑠𝑒(𝛽̂𝑌𝑗

)
−2

𝑗

                                                                                      (2.4) 

where, 
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𝜃𝐼𝑉𝑊 is inverse variance weighted estimate 

Weighted linear regression can also give the same results using inverse-variance weights 

𝑠𝑒 (𝛽̂𝑌𝑗
)

−2

                                                                                                             (2.5) 

The condition for weighted linear regression is that there is no intercept in the model, for 

instance: 

𝛽̂𝑌𝑗
= 𝜃𝐼𝑉𝑊𝛽̂𝑋𝑗

+ 𝜖𝐼𝑗
                                                                                             (2.6)                                                                                                                                

where, 

𝜖𝐼𝑗
~𝒩 (0, 𝜎2 𝑠𝑒 (𝐵̂𝑌𝑗

)
−2

)                                                                                    (2.7) 

 

where, 

𝜖𝐼𝑗
 represents the error term 

Burgess and Thompson (2017) suggested that in a scenario where there are no pleiotropic 

effects (∝𝑗 = 0), then 𝜃𝑗 will give a consistent estimate of the causal effect. This situation 

indicates that 𝜃𝐼𝑉𝑊  also gives a consistent estimate of the causal effect when pleiotropy is 

absent. However, the inverse-variance weighted method is not suitable when at least one 

violation of the Mendelian randomization assumptions.  

2.6.2 MR-egger method  

This method is a technique that helps in analyzing summarized genetic data. This method 

can determine the existence of directional pleiotropy, test for the causal effect, and can also 

be an estimate for the causal relationship between the exposure and the outcome (Sekula et 

al., 2016). Burgess and Thompson (2017) noted that MR-Egger is a powerful Mendelian 

randomization method because it can establish if the genetic instrumental variables have a 
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directional pleiotropic effect on the outcome (ovarian cancer) and give a consistent 

measure under weaker assumptions called Instrument Strength Independent of Direct 

Effect (InSIDE). InSIDE, in this case, means that the pleiotropic effects ∝𝑗 have an 

independent distribution from the genetic relationships with the exposure 𝛽̂𝑋𝑗
 (type 2 

diabetes mellitus).  

MR-Egger is a modified weighted linear regression (Equation 2.4) since it takes the 

intercept to be a non-zero. Therefore, its equation is as follows: 

𝛽̂𝑌𝑗
=  𝜃0𝐸 + 𝜃1𝐸 𝛽̂𝑋𝑗

+ 𝜖𝐸𝑗
                                                                                   (2.8) 

where, 

𝜖𝐸𝑗
~𝒩 (0, 𝜎2 𝑠𝑒 (𝛽̂𝑌𝑗

)
−2

)                                                                                   (2.9) 

where, 

𝜃0𝐸  represents the intercept, 

𝜃1𝐸  indicates the slope  

MR-Egger estimate will be equal to the IVW measure if the intercept is zero. Under the 

weaker assumption (InSIDE), if the sample sizes and SNPs number increase, the MR-

Egger method will give a consistent causal estimate. In a scenario where there is a fixed 

number of instrumental variables, as the sample size increases the MR-Egger estimate is 

consistent provided that the inverse-variance weights in (2.5) are equal to zero. Burgess 

and Thomson (2017) indicate that MR-Egger is a significant sensitivity method but it may 

give biased estimates and inflate Type 1 error rate due to the impacts of the outliers and 

violation of InSIDE assumptions.  
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2.7 Two-Sample Mendelian Randomization Application 

Most epidemiologists have applied two-sample MR to determine the causal relationship 

between a particular predisposing factor and the outcome. For example, Libuda et al., 

(2019) carried a research study aiming to establish if vitamin D and depression have a 

causal relationship. The researchers used six genome-wide significant genetic variants 

from GWAS. This selection ensured the satisfaction of Mendelian randomization 

assumptions. The MR analysis depicted that vitamin D and broad depression had no causal 

relationship (IVW; b=0.025, SE= 0.038, P = 0.52). This conclusion is against the results 

from observational studies suggesting that they might be the victims of confounding and 

reverse causation (Libuda et al., 2019).  

Seddighi et al., (2019) also employed two-sample MR to test the causal relationship 

between cancer and Alzheimer’s disease. The researchers selected the SNPs that attained 

the standard threshold (P-value <5× 10−8) and ensured that there was no linkage 

disequilibrium to satisfy the Mendelian randomization assumptions. The researchers 

concluded that cancers have a relationship with lower odds of incident Alzheimer’s disease 

(Seddighi et al., 2019). This study ensured that there was no confounding or reverse 

causation. 

Gage et al., (2018), on the other hand, employed two-sample MR to investigate the causal 

relationship between education and smoking. He noted most people believe that lower 

educational attainment has a relationship with rising cases of smoking. However, 

ascertaining the causality was a challenge, hence led to the use of two-sample MR. The 

researchers used summary statistics from GWAS and applied complementary MR 
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paradigms like IVW, MR-Egger, and weighted median regression. He stated that the 

results were consistently indicating the causal relationship. 

2.8 Knowledge Gap 

Most researchers have acknowledged that observational studies like cohort and case-

control studies may give biased results when carrying out a causal relationship 

investigation due to the issues of confounding and reverse causation (Wang et al., 2017; 

Urpilainen et al., 2018.) Two-sample MR is an epidemiological method that takes into 

consideration the issues of confounding and reverse causation while undertaking the causal 

relationship between an exposure and the outcome since it utilizes genetic variants that 

undergo random allocation at conception and are non-modifiable as instrumental variables 

(Sekula et al., 2016). Therefore, the application of two-sample MR to investigate the causal 

relationship between T2DM and ovarian cancer is expected to give better results.   
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CHAPTER THREE 

RESEARCH METHODOLOGY 

3.1 Introduction 

This chapter describes the data sources for the study. It also discusses the two-sample 

Mendelian randomization analysis techniques employed in the investigation. Apart from 

that, it outlines the data analysis and sensitivity tests procedures. 

3.2 Study Design 

In this study, the data, Type 2 Diabetes Mellitus and ovarian cancer SNPs were ensured 

that they were homogeneous using the Cochran’s Q and I-squared statistics. The study also 

ensured that T2DM and ovarian cancer SNPs data did not exhibit horizontal pleiotropy. 

This was done using the MR Egger Intercept. The next step used two-sample MR design 

that is, IVW and MR-Egger to investigate the causal relationship between T2DM 

(exposure) and ovarian cancer (outcome). 

3.3 Data Sources 

The summary statistics data was retrieved from two different GWAS consortiums. The 

exposure genetic (T2DM) data was obtained from the DIAGRAMplusMetabochip 

consortium. The outcome genetic (ovarian cancer) data was obtained from Ovarian Cancer 

Association Studies (OCAC). 

One of the important reasons for understanding the concepts of human genetics is that it 

enables the scientists to come up with improved methods of disease diagnosis and 

treatment. Waddington (2016) defined a gene as unit that contains the hereditary 

information about a particular individual. On the other hand, deoxyribonucleic acid (DNA) 
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is a complex molecule that has the genetic information coding that helps in transmitting the 

hereditary traits. According to Crow (2017), DNA in every individual is composed of the 

same chemical units, which are adenine (A), thymine (T), guanine (G), and cytosine (C). 

Usually, strands A matches with T while C go with G. Alliance (2009), indicated that the 

strands forms the genetic sequences that assist in the transmission of the hereditary traits 

called the alleles.  

Some of the studies show that all individuals are about 99.9% genetically similar (Crow, 

2017; Waddington, 2016; Alliance, 2009). However, they indicated that the differences 

come about because of the genetic variations such as mutation and polymorphisms that 

makes one to differ in form of physical traits, and the level of risk for certain diseases. 

DNA sequence variation occurs when a single nucleotide is tempered, which leads to the 

formation of SNP. According to the National Institute of health (2019), SNPs are 

biological markers that assist in predicting how an individual response to certain drugs, 

susceptibility to environmental chances and the risk to developing a particular disease. This 

suggestion indicates that the SNPs help in linking the two datasets from different 

consortium.   

3.4 Study Population 

The Type 2 Diabetes Mellitus (exposure) data was based on a study done by Morris et al., 

(2012) using DIAGRAMplusMetabochip consortium. They used a sample size of 149,821 

(ncase=34,840, ncontrol=114,981) of mixed population. The population had both males 

and females. The ovarian cancer (outcome) data was based on a study done by Phelan et 

al., (2017) using the summary statistics from Ovarian Cancer Association Consortium 

(OCAC). This study used a sample size of 66450 (ncase=25,509, ncontrol=40,941) of 

European population. This thesis required harmonization and clumping of the data which 
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were used by Morris et al. (2012) and that was used by Phenal et al., (2017) using the MR 

Base platform. From then on, Cochran’s Q statistic helped to determine whether or not the 

data were homogenous. The next step was to establish whether or not horizontal pleiotropy 

exists using the MR-Egger method. Finally, the study used the two-sample Mendelian 

randomization technique to establish the causal relationship between T2DM and ovarian 

cancer. 

MR-Base assisted in the implementation of the Two-sample Mendelian randomization 

technique because it is a database that can access summary statistics from Genome-Wide 

Association Studies. R statistical software version 3.5.1 was used in the analysis which led 

to finding the causal estimates and performs sensitivity analysis of the Two-sample MR 

causal model.  

3.5 Mendelian Randomization Analysis to Determine the Causal Relationships 

between T2DM and Ovarian cancer 

The study started with the extraction of the SNPs associated with the risk factor (T2DM) 

and clumping the data to ensure the independence of the exposure instrumental variables. 

This process involves ensuring sufficient fulfillment of the standard threshold for Genome-

wide significance(𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 5 × 10−8). Apart from that, it was ensured that the genetic 

variants extracted have no linkage disequilibrium by defining the regression coefficient to 

be less than two (𝑟2 < 0.2.)  

The next step was to retrieve the exposure SNPs from the outcome trait (ovarian cancer). In 

this process, if the required SNP is not available in the outcome (ovarian cancer) GWAS, 

the MR-Base will provide an SNP proxy that is in LD with the wanted instrumental 

variable. Therefore, it was necessary to ensure that the regression coefficient 𝑟2 > 0.8 to 
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give a probability of finding a particular proxy. The study also allowed palindromic SNP, 

which indicates that the alleles on the forward strand are the same as those on the reverse 

strand, hence enabling the study to use the allele frequency information.  

The next phase was to harmonize the extracted data. This process ensured that the exposure 

and the outcome SNPs’ effects must correspond to the same allele hence giving a new data 

frame that has combined both the variables. There are three ways of harmonizing the data. 

The first option was to assume that all the alleles follow the forward strand. The other one 

is to analyze the forward strand alleles by understanding their allele frequency information. 

The last option was to rectify the strands for non-palindromic SNPs and eliminate all the 

palindromic genetic instruments (Burgess and Thompson, 2017). The study made use of 

the allele frequency information to infer the forward strand, which is option two. 

This kind of study requires using the data that is homogenous and has no horizontal 

pleiotropy so as to give reliable and consistent results. Therefore, this study had to check 

the homogeneity of the data using the Cochran’s Q statistic which gives the level of the 

heterogeneity. Apart from that, the I2 statistic was employed to indicate the percentage of 

the variation in the data. This process of checking the homogeneity of the data using 

Cochrane’s Q and I2 statistics formed the first objective of the study. The second objective 

which revolved around the horizontal pleiotropy was analyzed using the MR-Egger 

intercept. After achieving the two constraints checks of this study, it was possible to move 

to objective number three, which concerned determining whether or not the causal 

relationship between Type 2 Mellitus and ovarian cancer using IVW and MR-Egger 

techniques. 
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Burgess and Thompson (2017) stated that the slope coefficients of IVW and MR-Egger 

models give the causal relationship estimates. The scatter plot enabled the researcher to 

determine the direction of the causal relationship between T2DM and ovarian cancer. 

Besides that, the MR-Egger regression intercept helped in determining the pleiotropy in the 

study (Burgess and Thompson, 2017.)  

The output included the MR results table and the method comparison graph (scatter plot). 

According to Walker et al., (2019), the MR result’s table gives the causal estimates from 

each MR method (IVW and MR-Egger). The method comparison plot, on the other hand, 

depicts the effect of the IVs on the exposure (Type 2 Diabetes Mellitus) against the effect 

of the ovarian cancer SNPs.  

3.6 Sensitivity Analysis 

Mendelian randomization method is one of the recommendable epidemiological methods 

for testing the causal relationship between the predisposing factor and the disease outcome 

as long as the model fulfills its instrumental variables assumptions. Heterogeneity refers to 

a case where the research data are inconsistent hence may give non-reliable estimates. 

Therefore, it is crucial to test for heterogeneity when performing Mendelian randomization. 

This ensures the fulfillment of the instrumental variable assumptions. Bowden et al., 

(2018) state that Cochran’s Q statistic can help in estimating heterogeneity among the ratio 

estimates. This is a method that assists in determining whether or not heterogeneity exists 

in the data where the outcome is binary. According to Hoaglin (2016), Cochran’s Q 

statistic has some assumptions that need to be fulfilled. Let 𝑘 be binary measurements and 

𝑁 to be subject which may be a set of matched variables. Let also 𝑌𝑖,𝑗 be the binary 

response from the subject 𝑖 in category𝑗 (𝑖 = 1 𝑡𝑜 𝑁, 𝑗 = 1 𝑡𝑜 𝑘). Then, one of them states 

that the responses should be binary and should come from 𝑘 matched samples. The other 



29 
 

assumption indicates that the variables should be independent and that they were selected 

randomly from a population considered to be large. The last assumption states that the 

sample size should be sufficiently large, that is, 𝑛 ≥ 4 and 𝑛𝑘 ≥ 24 (Hoaglin, 2016). 

Therefore, the Cochran’s Q statistic is given as: 

𝑄 =
(𝑘−1)[𝑘𝐶−𝑇2]

𝑘𝑇−𝑅
                                                                                                    (3.1) 

Where, 

𝐶 = ∑ (∑ 𝑌𝑖,𝑗
𝑁
𝑖=1 )

2𝑘
𝑗=1                                                                                             (3.2) 

𝑇 = ∑ (∑ 𝑌𝑖,𝑗
𝑘
𝑗=1 )𝑁

𝑖=1                                                                                               (3.3) 

𝑅 = ∑ (∑ 𝑌𝑖,𝑗
𝑘
𝑗=1 )

2𝑁
𝑖=1                                                                                             (3.4) 

It is also noted that if the instrumental variables under study are valid that is, fulfills the 

model assumptions, then Cochran's Q statistic will follow the Chi-square distribution 

asymptotically with N-1 degrees of freedom where N is the total number of SNPs used. 

Besides that, 𝐼2 helped in estimating the variation percentage given by the following 

equation; 

𝐼2 = (
𝑄−df

𝑄
) × 100                                                                                                (3.5) 

 where, 

Q represents the Cochran’s Q statistic 

df indicates the degree of freedom 

Walker et al., (2019) stated that R gives a heterogeneity statistics table containing the 

variations in the causal estimate across the instrumental variables used. Apart from that, the 

odds ratios (exponent of beta coefficients) were used to give the power of the analysis. The 

odds ratios will give a detection of increase or decrease in variability per 1 standard 

deviation (SD.) 
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3.7 Results Presentation 

The results were presented in form of tables (MR results, heterogeneity statistic, and 

horizontal pleiotropy) and plots (method comparison graph, leave-one-out, forest and 

funnel plots). 

3.8 Ethical Consideration 

The research acknowledged all the works of other scholars and cited them as is appropriate 

to avoid plagiarism.  
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CHAPTER FOUR 

RESULTS AND DISCUSSIONS  

4.1 Introduction 

This chapter gives an overview of data analysis procedure, the outcome of the process and 

the discussions. 

4.2 Data Analysis  

 “R” statistical software version 4.0.3 (2020-10-10) aided in running the codes for this 

study. Besides that, MR-Base was used as an online platform, which provides an interface 

allowing MR analyses and sensitivity tests to be performed (Walker et al., 2019).  

The exposure variable in this study was T2DM whose GWAS ID is “ieu-a-24”. It was 

retrieved from DIAGRAMplusMetabochip consortium. On the other hand, the outcome 

variable was ovarian cancer whose GWAS ID is “ieu-a-1120”. It was retrieved from 

Ovarian Cancer Association Consortium (OCAC). Other packages required in R during the 

analysis include: “devtools”, “TwoSampleMR”, “digest”, “githubinstall”, and 

“googleAuthR”.   

The first process was to extract the exposure data, Type 2 Diabetes Mellitus and clump 

them. This move assisted in identifying the independent alleles among the correlated SNPs 

(Walker et al., 2019). This was fulfilled by sticking to the GWAS standard threshold 

significance level(𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 5 × 10−8) and defining the regression coefficient to be 

𝑟2 < 0.2 which ensured that there was no linkage disequilibrium.   
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The next step was to list all the available outcomes in the MR-Base platform and extract 

the exposure data, Type 2 Diabetes Mellitus. In this case, the use of SNP proxy was 

allowed, which is in LD with the targeted SNP. This was achieved by defining the 

minimum r-square to find the SNP proxy to be 0.8, that is𝑟2 > 0.8. On the other hand, it 

was assumed that all the alleles are aligned in the forward strand. According to Walker et 

al., (2019), palindromic SNPs refer to a situation where the pair of alleles on the forward-

strand are the same as those on the reverse strand. This study infers the palindromic SNPs 

and the maximum minor allele frequency acceptable threshold are defined by 0.3.  

The next step was to harmonize the exposure and the outcome data. Walker et al., (2019) 

defined harmonization as a way of specifying the effect and other alleles in the same way 

in both the exposure and outcome data. In this study, interpretation of the forward strand 

was by use of the allele frequency information. From this action, a new data frame that had 

a combination the Type 2 Diabetes Mellitus and ovarian cancer was obtained.  

After obtaining the required data frame that contains the targeted exposure and outcome 

variables, it was necessary to ensure that the data was homogenous and that there was no 

horizontal pleiotropy. The homogeneity of the data was checked using the Cochran’s Q 

statistic which indicated the level of heterogeneity. The I2, on the other hand, assisted in 

indicating the percentage of the variation in the data. This action helped in answering the 

objective number one of the study. The MR-Egger intercept helped in determining whether 

or not the horizontal pleiotropy existed. This step assisted in ensuring that objective 

number two of the study is achieved. 

At this point, it is possible to perform the two-sample Mendelian randomization analyses as 

highlighted as objective number three of the study. This gave the results of five different 
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Mendelian randomization methods; MR-Egger, weighted median, IVW, simple mode, and 

weighted mode. Since this study focused mainly on MR-Egger and IVW methods, the 

scatter plot was restricted to only depict these two techniques.  

4.3 Study Results  

Thirty nine (39) variants of the exposure variable (T2DM) were retrieved after clumping 

the data. However, the process found the proxies for 3 SNPs in the outcome data (ovarian 

cancer.) After harmonizing the study data, 3 SNPs (rs10830963, rs1801282, rs243088) 

were found to be palindromic with intermediate allele frequencies hence eliminated. 

Therefore, the study used 33 SNPs to determine whether or not T2DM and ovarian cancer 

have a causal relationship. 

The results showed that the exposure p-values were less than 0.05, which suggested that 

T2DM was strongly associated with the targeted SNPs. Contrary to that, the outcome p-

values were greater than 0.05 indicating that ovarian cancer was only associated with the 

targeted SNPs via the exposure. This situation shows that this study fulfills the assumptions 

of Mendelian randomization. The F-statistic (F= 65.269, P = 0.000) for this research study 

was greater than 10, the GWAS standard threshold. This reflects that the SNPs used in this 

study were considered to be strong instrumental variables as suggested by Swerdlow et al., 

(2016).    

4.3.1 Homogeneity of the study data  

Heterogeneity is one of the factors that were analyzed when carrying out two-sample 

Mendelian randomization. The data used should be homogenous so that the results can be 

reliable and give consistent results. Therefore, it was necessary to test whether or not the 
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data used in the study was homogenous as per the objective one. The results are shown in 

Table 4.1 and Figure 1. 

Table 4.1.  

The Homogeneity Results of the Causal Relationship between Type 2 Diabetes 

Mellitus and Ovarian Cancer 

 

Method Q Q_df Q_pval I-sq 

MR Egger 39.387 31 0.143 21.293 

Inverse variance weighted 39.776 32 0.162 19.550 

Q: Cochran's Q statistic, df: degree of freedom, pval: p-value, I-sq: I-square statistic 

According to this study, the first objective ought to find out whether or not the study data 

was homogenous. The results indicated that all 33 genetic variants were not heterogeneous 

(MR-Egger: Q=39.387, p-value=0.144, IVW: Q=39.778, p-value=0.162) as shown in 

Table 4.1. The corresponding p-values are 0.144 and 0.162, which are greater than 0.05. 

This indicates that there was sufficient evidence to conclude that the data used was 

homogenous.  

The I-square statistics (MR-Egger=21.293, IVW=19.776) also indicated low heterogeneity 

in the study since they were less than 25%. This indicates that about 21.29% and 19.54% 

variance in this study is due to heterogeneity rather than chance. According to Higgins et 

al., (2003), the I-square statistics, which are less than 25% indicate low variances due to 

heterogeneity hence negligible.   
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Figure 4.1. Forest Plot Displaying the Results of Single and Multi-SNP Analyses on 

the Causal Relationship between Type 2 Diabetes Mellitus and Ovarian Cancer 

 

The forest plot in Figure 4.1 displays the causal estimates of each SNP utilized in this 

study. This was generated using the Wald ratio. Apart from that, the graph indicates the 

multi-SNP causal estimates using the MR-Egger and IVW techniques. This forest plot has 

no discrepancy in the causal estimates displayed. Therefore, this indicates that the data 
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(T2DM and ovarian cancer SNPs) used in this study were homogeneous hence the results 

achieved will be considered reliable.  

4.3.2 Horizontal pleiotropy  

One of the assumptions of the Mendelian randomization states that the outcome variable 

should only be associated with the genetic variants through the study exposure factor. The 

presence of horizontal pleiotropy invalidates this assumption. Therefore, it was necessary 

to test for this occurrence by interpreting the MR-Egger intercept as per the objective two 

of the study. The results are shown in Table 4.2 

Table 4.2.  

The MR-Egger Intercept Output of the Causal Relationship between Type 2 Diabetes 

Mellitus and Ovarian Cancer 

Egger_intercept Se pval 

0.004 0.004 0.584 

se: standard error, pval: p-value 

The second objective of the research aimed at finding out if there was presence of the 

horizontal pleiotropy in the data. The results showed that there was no or minimal 

horizontal pleiotropy in this study since the MR-Egger intercept was 0.0038 (p-

value=0.5839). The p-value (0.5839) was greater than 0.05 hence there was sufficient 

evidence to conclude that there was no horizontal pleiotropy in the data used in the study. 

This indicated that the research study fulfilled the Mendelian randomization assumption 

that states that the selected SNPs should be associated with the outcome via the exposure. 
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4.3.3 Causal relationship between Type 2 Diabetes Mellitus and ovarian cancer 

The main aim of this research study was to investigate the causal relationship between 

T2DM and ovarian cancer. The results of this objective were obtained by interpreting the 

beta coefficients of the methods employed which gave the causal effects. Five Mendelian 

randomization techniques were displayed in this section, however, this study focused on 

MR-Egger and IVW methods as shown in Table 4.3 and Figure 4.2.  

Table 4.3.  

The Two-Sample Mendelian Randomization Results of the Causal Relationship 

between Type 2 Diabetes Mellitus and Ovarian Cancer 

Method nsnp Beta  exp(beta) Se Pval 

MR Egger 33 -0.048  0.953 0.062 0.448 

Weighted median 33 -0.042  0.959 0.036 0.243 

Inverse variance 

weighted 

33 -0.016 

 

0.984 0.026 0.522 

Simple mode 33 -0.031  0.969 0.072 0.674 

Weighted mode 33 -0.041  0.960 0.04 0.323 

nsnp: number of SNPs, b: beta coefficient, exp(beta): exponential of beta coefficient, se: 

standard error, pval: p-value 

The third objective of the study tried to determine whether there is causal relationship 

between T2DM and ovarian cancer. The study revealed in Table 4.3 that there is no causal 

relationship between T2DM and ovarian cancer (MR-Egger: b=-0.048, se=0.062, p-

value=0.448, IVW: b=-0.017, se=0.026, p-value=0.522). This is because the p-values for 

these Mendelian randomization methods were greater than 0.05 indicating that there was 

no evidence of the causal relationship between T2DM and ovarian cancer. The other three 
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methods (weighted median, simple mode, and weighted mode) gave consistent results, 

which showed that MR-Egger and IVW techniques are capable of giving reliable results.  
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Figure 4.2. Scatter Plot Representing Two-Sample Mendelian Randomization Results 

of the Causal Relationship between Type 2 Diabetes Mellitus and Ovarian Cancer 

Figure 4.2 graphically represented the effects of the SNPs on exposure (T2DM) against the 

effects of the SNPs on the outcome (ovarian cancer) as suggested by Walker et al., (2019). 

The black dots represent each of the SNPs associated with T2DM while the horizontal and 

the vertical lines depict the standard error of the relationship between type 2 diabetes 

mellitus and ovarian cancer respectively. It also indicates that there was no causal 

relationship between T2DM and ovarian cancer. 
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It was also necessary to check the directionality of the causal relationship between T2DM 

and ovarian cancer as shown in Table 4.4.  

Table 4.4.  

The Direction of the Causal Relationship between Type 2 Diabetes Mellitus and 

Ovarian Cancer 

exposure(T2DM) outcome(o.c) correct_causal_direction steiger_pval 

0.030 0.001 TRUE 0.000 

T2DM: type 2 diabetes mellitus, o.c: ovarian cancer, pval: p-value 

Hemani et al., (20118) stated that it is important to ensure that the direction of causality is 

correct. This will prevent a situation where the researcher maybe thinking that the exposure 

is causing the outcome while in reality it is the vice versa (Hemani et al., 2018). Therefore, 

it was necessary to test the causality direction using the estimated variance explained by 

the exposure (T2DM) and the outcome (ovarian cancer). Figure 4.4, showed that the 

T2DM (exposure) estimated variance (0.030) was greater that the r-square of the outcome, 

ovarian cancer, (0.001). The p-value (0.000), on the other hand, was less than 0.05 

indicating that the causality direction taken in this study is actually possible. However, 

Hemani et al., (2018) indicated that it is crucial to note that the causality direction does not 

show whether or not the causal relation exists.   

4.3.4 Sensitivity results 

This study used multiple genetic variants to carry out the two-sample Mendelian 

randomization. Therefore, it was highly plausible to assume that all the SNPs, instrumental 

variables, satisfy the Mendelian randomization assumptions. Hence, it was necessary to 

perform some of the sensitivity analyses that will either support or question the validity of 

the research. The interpretation of the odds ratios (exponents of beta coefficients) of 
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Mendelian randomization assisted in determining the validity of the causal inference from 

Mendelian randomization. The results are shown in Table 4.5. 

 

Table 4.5.  

The Odds Ratio Output of the Causal Relationship between Type 2 Diabetes Mellitus 

and Ovarian Cancer 

Method nsnp B Se pval 

Lower 

CL 

Upper 

CL 

OR 

OR 

Lower 

CL 

OR 

Upper 

CL 

MR Egger 33 -0.048 0.062 0.448 -0.169 0.074 0.954 0.845 1.076 

Weighted median 33 -0.042 0.037 0.251 -0.115 0.030 0.959 0.892 1.030 

Inverse variance 

weighted 

33 -0.016 0.026 0.522 -0.067 0.034 0.984 0.935 1.035 

Simple mode 33 -0.031 0.070 0.665 -0.167 0.106 0.970 0.846 1.112 

Weighted mode 33 -0.041 0.038 0.299 -0.116 0.035 0.960 0.891 1.035 

nsnp: number of SNPs, b: beta coefficient, se: standard error, pval: p-value, CL: 

confidence level, OR: odds ratio 

First, it is necessary to note that taking the exponent of beta coefficient is the same as the 

odds ratio (OR). Table 4.5 shows that the OR for MR-Egger method was 0.954 with 

confidence interval (CI) (0.845, 1.077). This indicates that the model, MR-Egger, was 

capable of detecting 0.046 decrease of variability per 1 standard deviation (SD). On the 

other hand, IVW technique has the OR of 0.984 with CI (0.935, 1.035). This reflects that 

IVW was able to detect 0.016 decrease of variability per 1 SD. The other methods 
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(weighted median, simple mode, and weighted mode) gave the OR which were in the same 

range as those of MR-Egger and IVW. These results show that two-sample Mendelian 

randomization gives consistent causal inference.   

It was then necessary to investigate if there were potentially influential SNPs, which could 

be due to horizontal pleiotropy using leave-one-out analysis. The results are given in 

Figure 4.3  
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Figure 4.3. The Leave-One-Out Graph Displaying the IVW Results of the Causal 

Relationship between Type 2 Diabetes Mellitus and Ovarian Cancer while Excluding 

One SNP each Time 

One of the assumptions of Mendelian randomization states that the genetic instruments, 

SNPs, should influence the outcome through the exposure. This situation reflects that there 

should be minimal or no pleiotropy. Figure 4.3 indicates that all the selected SNPs in this 

study were consistent. Therefore, it was reasonable to conclude that the results of this study 

were not influenced by a single outlying SNP. Apart from that, Figure 4.4, is symmetric 
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indicating that there was no or minimal directional pleiotropy in the study. This 

information supports the results of the MR-Egger in section 4.2.1.  

Directional horizontal pleiotropy is an occurrence that one should be keen to check while 

carrying out Mendelian randomization. In this study, it was necessary to assess if there was 

directional horizontal pleiotropy using a funnel plot. The results are given in Figure 4.4 

which is symmetric indicating that there was no or minimal directional pleiotropy in the 

study. This information supports the results of the MR-Egger in section 4.2.1. 

 

 

Figure 4.4. The Funnel Plot Displaying the Causal Relationship between Type 2 

Diabetes Mellitus and Ovarian Cancer 
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CHAPTER FIVE 

SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS 

5.1 Introduction 

This chapter highlights the summary, conclusions and the recommendations of the study. 

5.2 Summary 

The prime objective of this study was to investigate the causal relationship between T2DM 

and ovarian cancer using two-sample Mendelian randomization. This investigation was 

necessary because there are studies that have identified that some of the hormones 

associated with high blood sugars tend to create carcinogenic conditions hence accelerating 

the growth of cancers (Joung et al., 2019). Apart from that, other scholars have used the 

observational models like cohort and case control to determine the relationship between 

T2DM and ovarian cancer but have ended up with conflicting points of view (Wang et al., 

2019, Urpilainen et al., 2018). For example, Wang et al., (2019) indicated that women with 

Type 2 Diabetes Mellitus have higher odds of contracting ovarian cancer, especially, those 

of Asian origin. On the other hand, Urpilainen et al., (2018) reached to a conclusion that 

there is no sufficient evidence of the causal relationship between Type 2 Diabetes Mellitus 

and ovarian cancer. Therefore, this research used two-sample Mendelian randomization, a 

technique which is not prone to confounding factors and reverse causation unlike the 

observational studies. Before carrying out the Mendelian randomization analysis, the data 

were to be put into the check constraints that will ensure that the results obtained are 

reliable and consistent. Therefore, the first objective of this study sought to find out 

whether or not the data retrieved were homogenous. The second objective of the study tried 

to determine whether or not the genetic data had horizontal pleiotropy.  
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5.3 Conclusions 

The first objective of this study aimed at determining whether or not the genetic data 

utilized was homogeneous. This determination was necessary because it aided in checking 

the fulfilment of the Mendelian randomization model assumption and whether or not the 

genetic instruments used are weak. The Cochran’s Q statistic (MR-Egger: Q=39.387, p-

value=0.144, IVW: Q=39.778, p-value=0.162) indicated that there was no sufficient 

evidence of heterogeneity in the data. This shows that the genetic instruments used were 

considered strong and that the model assumptions were fulfilled. Apart from that, the I2 

statistics (MR-Egger=21.293, IVW=19.776) showed that the heterogeneity level was less 

than 25% for the two techniques hence the variability in the data was negligible. 

The second objective of this study revolved around the horizontal pleiotropy. This is a 

situation where a particular genetic variant (SNP) may be having a causal relationship with 

the outcome through a biological pathway that is independent of the exposure variable 

under study. From this study, the MR-Egger intercept was 0.0038 indicating that there was 

no sufficient evidence of the horizontal pleiotropy in the data. Therefore, it can be 

concluded that the Mendelian randomization assumptions were fulfilled. 

From this study, it can be concluded that Mendelian randomization technique is a robust 

method. This is so because it uses genetic variants (SNPs) that undergo random allocation 

at conception and are non-modifiable. These properties of MR technique enable it not to be 

prone to confounding factors and reverse causation. These problems are common in the 

other techniques such as observational methods. Two-sample Mendelian randomization 

increases the scope of the study since it uses the genetic data from samples obtained from 

totally different populations. This research study has found out that there is no causal 
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relationship between T2DM and ovarian cancer (MR-Egger: b=-0.048, se=0.062, p-

value=0.448, IVW: b=-0.017, se=0.026, p-value=0.522) and thus other causalities may 

therefore be of interest in investigation.   

5.4 Recommendations 

One of the previous studies had suggested that the diabetes medications like metformin, 

statin, and oral anti-diabetic may be having some sort of causal relationship with the 

ovarian cancer. Therefore, there is need for a thorough investigation on the diabetes 

medications as a follow up to this study. Apart from that, it is recommended that the 

researchers should investigate the genetic architecture of the ovarian cancer. The research 

may give some insights to the causes of ovarian cancer and other malignancies. Besides 

that, the researcher recommends the research institutions to invest in getting the genome 

data from all the regions of the world. This will increase the scope of the genome analysis 

and improve precision medicine. 

5.5 Suggestions for Further Research 

This study used two-sample Mendelian randomization technique to determine whether or 

not there exist the causal relationship between Type 2 Diabetes Mellitus and ovarian 

cancer. Further research can be done using bi-directional Mendelian randomization. This is 

a technique that uses the genetic instruments for both the exposure and the outcome. One 

can try to determine whether the exposure causes the outcome or the outcome leads to the 

occurrence of the exposure. 
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Appendix 2: R Codes for the Study 

#Packages installed 

library(devtools) 

library(TwoSampleMR) 

library(digest) 

library(githubinstall) 

library(googleAuthR) 

 

#listing the outcomes available in MR-Base 

ao<-available_outcomes() 

 

#let Type 2 Diabetes Mellitus be the exposure and ovarian cancer be the outcome 

#extracting the instruments from the Type 2 Diabetes Mellitus GWAS (ID: “ieu-a-24”) 

exposure_T2DM <- extract_instruments(c('ieu-a-24')) 

 

#clumping the exposure data 

exposure_T2DM <- clump_data(exposure_T2DM) 

 

#extracting the instruments from the ovarian cancer GWAS (ID: “ieu-a-1120”) 

outcome_OC <- extract_outcome_data(exposure_T2DM$SNP, c('ieu-a-1120'), proxies = 1, 

rsq = 0.8, align_alleles = 1, palindromes = 1, maf_threshold = 0.3) 

 

#harmonizing the exposure (Type 2 Diabetes Mellitus) and the outcome (ovarian cancer) 

data <- harmonise_data(exposure_T2DM, outcome_OC, action = 2) 
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#objective 1: determining the homogeneity of the study data  

hetero<-mr_heterogeneity(data) 

 

#displaying the forest plot 

singleSNP<-mr_singlesnp(data) 

forestplot<-mr_forest_plot(singleSNP) 

 

#objective 2: the horizontal pleiotropy  

pleio<-mr_pleiotropy_test(data) 

 

#objective 3: determining the causal relationship between Type 2 Diabetes Mellitus and 

ovarian cancer 

T2DMOV_results<-mr(data, method_list=c("mr_egger_regression", "mr_ivw")) 

 

#displaying the Mendelian randomization scatter plot 

Scatter_plot<- mr_scatter_plot(T2DMOV_results, data) 

 

#finding directionality of the causal relationship between Type 2 Diabetes Mellitus and 

ovarian cancer 

dir<-directionality_test(data) 

#displaying the odds ratio for sensitivity analysis 

or<-generate_odds_ratios(T2DMOV_results) 
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#displaying leave-one-out graph 

lou<-mr_leaveoneout(data) 

louplot<-mr_leaveoneout_plot(lou) 

 

#displaying the funnel plot 

forestplot<-mr_forest_plot(singleSNP) 
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