
 
 

 

 

 

Epidemiology of non-squamous non-small cell 
lung cancer in New Zealand: 

A focus on EGFR gene mutation 

 

 

 

 

 

 

 

Phyu Sin Aye 

Supervisors: Prof. Mark Elwood, Prof. Mark McKeage, Dr. Sandar Tin Tin, Dr. Arier Lee 

 

 

 

 

 

A thesis submitted in fulfilment of the requirements for the degree of Doctor of Philosophy in 
Population Health, the University of Auckland, 2021.



 

ii 
 

Abstract 

Background 

Lung cancer is one of the major health burdens with persistent high incidence and poor survival. 

Treatment with Tyrosine Kinase Inhibitors (TKIs) that target Epidermal Growth Factor Receptor 

(EGFR) significantly improves disease outcomes for non-squamous Non-Small Cell Lung Cancer 

(NSCLC) patients with EGFR mutation. A better understanding is needed of the epidemiology of lung 

cancer in relation to EGFR mutation and strategies to facilitate identification of EGFR mutation-

positive patients who may be eligible for EGFR targeted treatment. Thus, this PhD research aimed 

to contribute knowledge to this area of research by 1) estimating the incidence of EGFR mutation-

specific non-squamous NSCLC, 2) investigating factors associated with survival of EGFR mutation-

specific non-squamous NSCLC, and 3) estimating the probabilities of EGFR mutation positivity for 

individual patients using a predictive model to assist in treatment decision-making where tissue 

biopsy results were unavailable.  

Methods 

Data sources: This research was based on all patients who were diagnosed with non-squamous non-

small cell lung cancer (NSCLC) in northern New Zealand between 1 February 2010 and 31 July 2017 

(n=3815). The patients were identified and their demographic and clinico-pathological information 

was collected from the population-based New Zealand Cancer Registry (NZCR). The NZCR data were 

then linked with TestSafe clinical information sharing database, laboratory reports, individual 

patient medical records, pharmaceutical records and mortality records to obtain EGFR mutation 

test results, further clinical, pathological and treatment information.  

Statistical analysis: 1) The incidence rates were calculated for EGFR mutation-positive and negative 

non-squamous NSCLC, in subgroups of patients by age, sex, ethnicity, and smoking status. The 

incidence rates were age-standardised using the WHO standard population, and were also 

estimated taking into account incomplete EGFR mutation testing. 2) Factors associated with overall 

survival were investigated using Cox regression analysis. The association estimates were observed 

in terms of four separate survival models based on EGFR mutation status and metastasis status at 

diagnosis. 3) The EGFR mutation predictive model was developed using multivariable logistic 

regression and validated internally and externally. The model validity was assessed by the fit 

between observed and predicted mutation probabilities. The model discriminative ability between 
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positive and negative status was assessed by observing the Area Under Curve (AUC). The model 

performance was assessed by relating the predicted probabilities to the duration remaining on 

EGFR-TKI treatment and overall survival from the start of EGFR-TKI therapy in a group of patients 

with unknown EGFR mutation status.  

Results 

Of the total 3815 non-squamous NSCLC patients, 45% were tested for EGFR mutations; 22.5% of 

those tested were EGFR mutation-positive.  

1) The population-based age-standardised rate (ASR) of EGFR mutation-positive NSCLC was 5.05 

(95%CI 4.71-5.39) per 100,000 person-years, showing that the disease risk was 1.5 times higher for 

females than males; approximately 3.5 times higher for Pacific Peoples and Asians, and 2 times 

higher for Māori compared with New Zealand Europeans; and only 1.25 times higher for ever-

smokers (i.e. current smokers and ex-smokers) than never-smokers. The ASR of EGFR mutation-

negative NSCLC was 17.39 (16.75-18.02) per 100,000 person-years overall, showing contrasting 

patterns of relationships among subgroups compared to EGFR mutation-positive disease: the risk 

for EGFR mutation-negative disease was higher for males; higher for Māori and Pacific Peoples but 

lower for Asians; and much higher for ever-smokers compared to their respective counterparts. 

Standardised Incidence Ratios (SIRs) by sex, ethnicity and smoking, for both diseases, remained 

similar to those based on tested patients, when accounting for incomplete EGFR mutation testing. 

2) The median overall survival times were significantly different between EGFR mutation-negative 

and positive groups: 0.8 years versus 2.79 years. Metastasis at diagnosis had a large impact on 

overall survival (hazard ratio (HR) 3.6 in EGFR mutation-negative and 3.3 in positive groups). In 

subgroup analyses by EGFR mutation status and metastasis, females had lower survival than males 

only if they were EGFR mutation-positive; Māori had lower survival than New Zealand Europeans 

only if the disease was metastatic, and tumour site had significant effects only in patients without 

metastasis. The remaining factors such as older age, higher ECOG performance status and being a 

current smoker showed lower overall survival consistently in all subgroups.  

3) The EGFR mutation predictive model used three major predictors – sex, ethnicity and smoking 

status, presented as a nomogram, to estimate EGFR mutation probabilities for individual patients. 

The model demonstrated a good fit between predicted and observed values in both development 

and validation groups. The model showed an AUC of 0.75, and the probability cut-point of 0.2 



 

iv 
 

resulted 63% sensitivity and 79% specificity in the validation group. The model predictions 

significantly corresponded to the outcomes of patients with unknown EGFR mutation status. 

Conclusions  

EGFR mutation-positive and EGFR mutation-negative non-squamous NSCLC represented two 

distinct diseases, showing different risk factors and survival outcomes. The EGFR mutation-positive 

disease showed population incidence rates that were similar to other major cancers, e.g., gastric 

cancer. The population-based risk of EGFR mutation positive lung cancer was significantly higher 

for females than males; and for Māori, Pacific Peoples and Asian than for New Zealand Europeans; 

but the risk differed only slightly with the smoking history. Assessing overall survival of non-

squamous NSCLC showed that EGFR mutation status and metastasis status at diagnosis 

independently affected overall survival and modified the effects of other factors on overall survival. 

The EGFR mutation predictive model developed in this research showed good internal and external 

validity as well as good performance in the independent group of patients, and may be useful in 

clinical practice to estimate the EGFR mutation probabilities for individual patients. 
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Chapter 1 

Introduction 

Cancer, a genetic disease characterized by uncontrolled growth and multiplication of cells in the 

body (World Health Organization & Ministry of Health, 2018), is a major global health problem that 

puts not only the individual patients in jeopardy but also their families and carers, as well as the 

nation. It has existed throughout human history (Hajdu, 2011); however, elimination of it has not 

been possible. The burden of cancer is also increasing worldwide due to the growth of population, 

population ageing and changing of people’s lifestyles favouring towards cancer risks such as 

tobacco use, physical inactivity, alcohol consumption and carcinogenic diets. It is responsible for a 

significant proportion of mortality and morbidity worldwide. There were 18 million people newly 

diagnosed with cancer globally, 43.8 million living with cancer within five years of diagnosis, and 

9.6 million deaths attributed to cancer in 2018 (Bray et al., 2018). In New Zealand, 35,897 cases 

were newly diagnosed in 2018, representing an age-standardised rate of 438 cases per 100,000 

population, which was one of the highest rates in the world (Bray et al., 2018). 

Of more than hundred types of cancer (Adami et al., 2008), lung cancer was most frequently 

diagnosed for both sexes, contributing to 11.6% of total cancer incidence globally in 2018 (Bray et 

al., 2018). In New Zealand, it ranked the third following colorectal cancer and melanoma for both 

sexes and contributed to 9.2% of all cancers in 2013 (Ministry of Health, 2016b). What’s more, lung 

cancer is highly progressive with a great potential to spread and is often diagnosed late; thus, the 

survival rates are generally low. In New Zealand, 5-year survival from lung cancer was 15.3% for 

2010-2014, which denotes a slight improvement over time (Allemani et al., 2018).  

While early diagnosis helps improve survival, none of the potential lung cancer screening methods 

such as chest X-ray, CT scan or sputum cytology is devoid of challenges in terms of risks, cost and 

effectiveness (Patz et al., 2000; Ten Haaf & De Koning, 2015). Consequently, effective treatment of 

lung cancer remains crucial to improve the disease outcomes. Advances in molecular knowledge in 

cancer have brought targeted therapies into importance. The targeted therapies offer more 

precision and fewer side effects than conventional treatments as they act on specific molecular 

targets of tumour cells. The discovery by Lynch et al. (2004) and Paez et al. (2004) has set a 

milestone in lung cancer management. They discovered that the Epidermal Growth Factor Receptor 

(EGFR) targeted therapy with tyrosine kinase inhibitors (TKIs) resulted in improved outcomes in 

EGFR mutated lung cancer patients. 
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Since the availability of novel drugs that target EGFR mutations, lung cancer has been defined as 

EGFR mutation-positive lung cancer and EGFR mutation-negative lung cancer. Current research 

needs a more complete picture of epidemiology of EGFR mutation-specific lung cancer and a means 

to facilitate the identification of EGFR mutation-positive lung cancer patients. With the privilege of 

the availability of New Zealand Cancer Registry data, this PhD research seeks to fill the research 

gaps by carrying out the aim and objectives outlined below.   

Aims and objectives  

This PhD research aimed to provide a better understanding of the epidemiology of non-squamous 

non-small cell lung cancer (NSCLC) in New Zealand with a focus on Epidermal Growth Factor 

Receptor (EGFR) gene mutations. 

The specific objectives are: 

(1) To review the literature on the epidemiology of lung cancer and research advances in lung 

cancer management focusing on the role of EGFR mutations 

(2) To estimate the incidence of EGFR mutation-specific non-squamous NSCLC overall and in 

subgroups defined by sex, ethnicity and smoking status 

(3) To investigate the factors associated with overall survival of EGFR mutation-specific non-

squamous NSCLC 

(4) To develop, validate and assess the performance of an EGFR mutation predictive model 

Structure of the thesis 

The structure of this PhD thesis follows the specific objectives presented above. Following this 

Chapter 1, which introduces to the research context and described the aims and objectives, Chapter 

2 will review literature on lung cancer with a focus on the role of EGFR mutation (objective 1). 

Chapter 3 will introduce the data used in this research, detailing the data sources, definitions of 

variables and outcomes, and ethical considerations. Chapters 4, 5 and 6 will present the three main 

studies (objectives 2, 3 and 4 respectively), including elaborations on the background and methods 

for each study in addition to the respective published journal articles. Finally, Chapter 7 will 

summarise the key findings, and discuss the strengths and limitations, policy and clinical 

implications, recommendations for future research, and finish up with the conclusions of the 

research.     
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Chapter 2 

Literature review: Lung cancer and the role of EGFR mutations  

This chapter corresponds to the objective number (1) To review the literature on the epidemiology of 

lung cancer and research advances in lung cancer management focusing on the role of EGFR 

mutations. This chapter sets out with an overview of lung cancer along with its epidemiology and 

management, followed by an in-depth discussion on its molecular aspects elaborating on the role of 

EGFR mutation and EGFR targeted therapy in lung cancer.  

 

2.1 AN OVERVIEW OF LUNG CANCER  

Lung cancer, a malignant neoplasm or carcinoma, arises from the bronchus or lungs. It is coded 2C25 

in ICD-11, the 11th Revision of the International Classification of Diseases, or C34 in the previous 

version, ICD-10 (World Health Organization, 2018a). Lung cancer is a progressive disease, and if it is 

left untreated, it will rapidly grow and spread to other parts of the body, eventually causing the death 

of the patient (Walker et al., 2014). 

2.1.1 Incidence, mortality and survival 

Lung cancer was the most common cancer of both sexes, representing 2.1 million newly diagnosed 

cases, i.e. 11.6% of total cancer incidence globally in 2018 (Bray et al., 2018). Lung cancer generally 

has a higher incidence in men and is slightly higher in more developed regions. A study of lung cancer 

global trends in 38 countries reported that the incidence of lung cancer was in a downward trend in a 

majority of countries for men. For women, it has increased in about half of all countries, while almost 

all remaining countries had stable incidence rates. It also found that lung cancer incidence rates were 

positively correlated with the human development index (Wong et al., 2017). The age-standardised 

incidence rates of lung cancer in men were highest in Central and Eastern Europe (53.5 cases per 

100,000 population), followed by Eastern Asia (50.4). The rate was lowest in Western Africa (1.7). For 

women, Northern America represented the highest rate (33.8), followed by Northern Europe (23.7). 

Women in Middle Africa showed the lowest rate (0.8) (IARC, 2016; Wong et al., 2017). In the US, the 

Surveillance Epidemiology and End Results (SEER) Program estimated that about 6 in 100 individuals 

developed lung cancer at some point in their lifetime during 2013-2015 (National Cancer Institute, 

2018). 
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Being an aggressive disease, lung cancer is one of the leading causes of deaths worldwide. Lung cancer 

ranked the 6th among the top 10 causes of death in 2016, which was led by ischaemic heart disease, 

stroke and chronic obstructive pulmonary disease at the top. Similarly, lung cancer was the 5th leading 

cause of deaths from non-communicable diseases globally (World Health Organization, 2018c). The 

GLOBOCAN 2018 estimated that of 9.6 million total cancer deaths in 2018, 1.8 million died from lung 

cancer, contributing the highest proportion (18.4%) of total cancer deaths (Table 2.1). For the US, lung 

cancer contributed to as much as 25% of all cancer deaths in 2018 (National Cancer Institute, 2018). 

Table 2.1 List of five most common and five most fatal cancers worldwide, for both sexes  

 Incidence Mortality 

Top five cancers  

(% of total number) 

1. Lung (11.6%) 

2. Breast (11.6%) 

3. Colorectum (10.2%) 

4. Prostate (7.1%)  

5. Stomach (5.7%)   

1. Lung (18.4%) 

2. Colorectum (9.2%) 

3. Stomach (8.2%) 

4. Liver (8.2%) 

5. Breast (6.6%) 

Total (all cancer combined) 18,078,957 cases 9,555,027 deaths 

This table is adapted from ‘Global cancer statistics 2018’ (Bray et al., 2018). 

Survival of lung cancer patient from the time of diagnosis is generally low. According to the most 

recent CONCORD-3 study (Allemani et al., 2018), Japan had the highest 5-year net survival (32.9%) for 

lung cancer patients diagnosed during 2010–14; followed by 12 countries that had a survival range of 

20-30%, including the US and Canada. Among European countries, Latvia and Switzerland shared the 

highest lung cancer survival (20.4%) in 2010-14. A majority of countries had the survival range of 10-

19%, including the UK, Australia and New Zealand. The countries having the lowest lung cancer survival 

band (<10%) were Thailand, Brazil, Bulgaria and India. Lung cancer survival has improved slightly in 

some countries over time. For instance, the 5-year net survival estimate of invasive lung cancer in the 

US was 17% in 2000-04, and it improved to 21.2% in 2010-14; and in the UK, although it appeared to 

have relatively lower survival compared to the US, had increased from 8.3% to 13.3% over the decade. 

On the contrary, some countries showed a decrease in lung cancer survival over the same period, e.g. 

from 6.9% to 3.7% in India, and from 10.7% to 8.5% in Brazil (Allemani et al., 2018).  

In New Zealand, lung cancer was the most common cause of cancer death (20%) and the fifth most 

common cancer registered (9.2%) in 2013. The lung cancer incidence had declined over a decade 

between 2004 and 2013, from an age-standardised rate of 33.5 to 28.5 cases per 100,000 population. 

Similar to the global trend, men contributed more to the decline in lung cancer incidence, whereas 

the incidence in women showed little change over time (Ministry of Health, 2016b). In 2015, incidence 
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rates were 28.9 per 100,000 for lung cancer, 30.5 per 100,000 in men and 27.8 in women (Ministry of 

Health, 2016c). The 5-year net survival from invasive lung cancer was 15.3% in 2010-14, which showed 

about a 4% increase from 2000-04. It means that New Zealand, in the global context, was one of the 

countries that had 5-year net survival in the range of 10-19%, together with Australia and many 

European countries including the UK (Allemani et al., 2018). New Zealand was claimed significantly 

lagging in overall cancer survival, including lung cancer survival compared with Australia, a comparable 

country having similar demographic background and health systems (Aye et al., 2014).  

2.1.2 Causes and prevention 

Lung cancer is a complex genetic disease caused by multiple contributing factors such as 

environmental carcinogens and genetic heritage. The major contributing factor for lung cancer is 

tobacco smoking, accountable for 71% of all lung cancer deaths (World Health Organization, 2012). 

Being a current smoker increases the risk of lung cancer by 12-30 times compared to never-smokers 

(Wakelee et al., 2007). Although tobacco smoking increases the risk of developing lung cancer of any 

histology, the risk is higher for squamous cell lung cancer and small cell lung cancer compared with 

adenocarcinoma (Pesch et al., 2012). While both the amount and duration of smoking are significantly 

associated with the lung cancer risk, a longer duration increases the risk to a greater extent (Burns et 

al., 2011; DeVita et al., 2011).  

Although tobacco smoking is the major risk factor, lung cancer in never-smokers is also common, and 

it may partly be explained by genetic heritage. A study of seven European countries found that the 

risk of lung cancer increased 1.63 times in people who had a first-degree family member with lung 

cancer. The risk may be even higher if more relatives had lung cancer. However, it is not clearly 

understood whether the increased risk is attributable to inherited genetics or likeliness of becoming 

a smoker (Lissowska et al., 2010; Matakidou et al., 2005). Other factors associated with increased risk 

of lung cancer include indoor and outdoor air pollutants from the combustion of fuels used for heating 

and cooking, diesel exhaust and second-hand smoke (passive smoking); and occupational exposure to 

carcinogens such as arsenic, asbestos, chromium, and radon (DeVita et al., 2011). 

Since tobacco is the most important preventable risk factor of lung cancer, efforts on tobacco control 

such as cigarette advertisement bans, tobacco taxation, and education campaigns and support 

programmes for smoking cessation are in place in many countries across the world (World Health 

Organization, 2018d). According to a study that analysed the WHO’s smoking indicators for 178 

countries globally between 1990 and 2010, the smoking prevalence had declined in most countries; 

however, the magnitude of decline was yet to be substantial (Bilano et al., 2015). Recent trends in 
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tobacco smoking prevalence are suggestive of worsening tobacco epidemics in many low and middle-

income countries (Bilano et al., 2015).  

Prevention of lung cancer through tobacco control needs continuous efforts as it takes several years 

to observe its benefits. Research found that the smoking prevalence trend coincided with the lung 

cancer incidence trend with a 20-year lag time. Changes in cigarette composition over time (leading 

to deeper inhalation of smoke) has also added the risk of lung cancer from smoking (Burns et al., 2011; 

DeVita et al., 2011; Wong et al., 2017). In addition, it takes time to remove the effect of tobacco in 

population. A systematic analysis of smoking risk for lung cancer across Europe and Canada claimed 

that cessation of smoking reduced the risk of lung cancer, but the risk had not returned to the baseline 

level of never-smokers even 35 years after quitting (Pesch et al., 2012).  

2.1.3 Symptoms  

Symptoms of lung cancer generally vary according to the site and extent of the disease. The central 

tumours in a large bronchus give rise to symptoms early, whereas the peripheral tumours remain 

dormant until they become a large size. Most patients may present with cough, haemoptysis 

(coughing of blood), breathlessness, pain due to nerve entrapment, and symptoms of a chronic 

disease such as fatigue and weight loss. Late-stage cancer patients also suffer from symptoms caused 

by the spread of the disease to adjacent organs such as difficulty in swallowing when the tumour 

invades to the oesophagus, and voice alteration when it invades the left recurrent laryngeal nerve. 

Metastasis to distant organs may cause neurological deficits, seizures, jaundice, bone pain and skin 

manifestations. Lung cancer patients may also experience paraneoplastic syndromes; e.g. finger 

clubbing, metabolic abnormalities such as hypercalcaemia or hyponatraemia due to ectopic hormone 

production, or peripheral neuropathy due to abnormal immune response involving nerves (Walker et 

al., 2014).  

2.1.4 Screening 

Screening of a disease is defined as “the systematic application of a test to individuals who have not 

sought medical attention because of symptoms” (Sikora, 2016), allowing the detection of disease at a 

stage when effective treatment that can reduce mortality is possible. The potential screening methods 

for early detection of lung cancer include chest X-ray, CT scan and sputum cytology. A review on lung 

cancer screening concluded that chest X-ray and sputum cytology showed little benefit in mortality in 

the screened groups compared with the control groups (Patz et al., 2000). However, the 2002-2004 

US National Lung Screening Trial on 55-74 years old smokers discovered that the low dose CT screening 
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(LDCT) reduced lung cancer mortality by 20% compared with the conventional chest X-ray (Aberle et 

al., 2011). The recent large randomised Dutch/Belgian NELSON (Nederlands-Leuvens Longkanker 

Screenings Onderzoek) trial also observed a 24% reduction in lung cancer mortality in the LDCT 

screening group (de Koning et al., 2020). Screening is not without the risk of over-diagnosis though: 

18% of all LDCT-detected lung cancers in the National Lung Screening Trial were found to be over-

diagnosed, which is defined as the detection of cancer that would never have become symptomatic 

(Patz et al., 2014; Ten Haaf & De Koning, 2015).  

Implementation of lung cancer screening is under tremendous discussions and debates considering 

the sensitivity, specificity, availability, cost-effectiveness, and the risks of the screening process. In 

2013, the US Preventive Services Task Force (USPSTF) recommended an annual CT screening for lung 

cancer to those 55-80 years of age who smoked at least 30 pack years; a pack-year is defined as twenty 

cigarettes smoked every day for one year (National Cancer Institute, 2020). A review in 2010-2015 

showed a very low uptake of about 4% among eligible smokers (Jemal & Fedewa, 2017). In contrast, 

the LDCT lung cancer screening has been substantially implemented to high-risk populations in the 

US, Canada and China (Canadian Task Force on Preventive Health Care, 2016; Pedersen & Ashraf, 

2016). The National Screening Committee of the UK is evaluating lung cancer screening based on pilot 

studies to commence Lung Health Checks in selected locations in England in late 2019 (Baldwin et al., 

2017). Europe is also in the process of implementing LDCT lung cancer screening following the ESMO 

Open-Cancer Horizons’ round table discussion in April 2019 (Field et al., 2019). In New Zealand, the 

results of a cost-effectiveness study did not favour the implementation of LDCT lung cancer screening, 

based on the New Zealand-specific lung cancer incidence rates and demographic factors such as age, 

sex, ethnicity and smoking status (Jaine et al., 2018).  

In addition to LDCT screening, recent studies looked at the use of biomarkers to detect lung cancer at 

a pre-invasive stage. This was based on the understanding of sequential molecular changes in the 

process of cancer pathogenesis. However, it is complex to detect those specific molecular changes in 

appropriate specimens using advanced molecular techniques, and more research is needed (Chu et 

al., 2018; Hirsch et al., 2001). Nonetheless, detection of a lung cancer tumour by screening remains a 

challenge as lung cancer is rapidly growing in nature, and screening needs to be performed as 

frequently as every year (de Koning et al., 2014; Humphrey et al., 2013). 

2.1.5 Diagnosis and staging  

Diagnosis of lung cancer is confirmed by histological examination of the lung tissue biopsy, usually 

sampled through a bronchoscopy. Ultrasound-guided or CT guided percutaneous needle biopsy is an 
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alternative for peripherally located tumours. Diagnosis may be made with tumour biopsy from 

secondary sites such as lymph nodes in advanced stage patients. Sputum cytology is reserved for 

patients who are unfit for invasive biopsy procedures. A significant number of lung cancers may be 

diagnosed based on clinical and radiological findings. Staging of lung cancer is essential to predict the 

prognosis and to inform the disease management. The TNM stage of the disease can be determined 

by using CT and PET scans that detect the size of the tumours (T), lymph node involvement (N), and 

the extent of local and distant spread (M) of the tumour (Walker et al., 2014).  

2.1.6 Histological types  

Based on the pathology, lung cancer can be classified into two main groups: non-small cell lung cancer 

(NSCLC) and small cell lung cancer (SCLC), accounting for 85% and 15%, respectively (Figure 2.1) 

(Reckamp et al., 2016; Zappa & Mousa, 2016). The NSCLC can be further divided into adenocarcinoma, 

squamous cell carcinoma, large-cell carcinoma, and NSCLC not otherwise specified (NOS). 

Adenocarcinoma is the most common type, contributing 40% of all lung cancers, followed by 

squamous cell carcinoma, contributing 25-30%. Adenocarcinomas are malignant tumours with 

glandular differentiation arising from epithelial cells of the small airways and are usually found at the 

periphery of the lung. Squamous cell carcinomas arise from squamous epithelial cells of the bronchus 

and are usually located in the central part of the lung (Reckamp et al., 2016; Zappa & Mousa, 2016).  

 

References: Reckamp et al. (2016) and Zappa & Mousa (2016) 

Figure 2.1 Histological types of lung cancer  
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Squamous cell carcinomas had formerly been the most common histological subtype of lung cancer, 

largely explained by exposure to tobacco. A study of 1998-2002 data from 11 countries in Europe, 

North America and Oceania showed a rising trend of adenocarcinoma surpassing the prevalence of 

squamous cell carcinoma in men. In contrast, for women, adenocarcinoma has been the most 

common subtype over time (Lortet-Tieulent et al., 2014). This change of trend was attributable to 

declining smoking rates; and also, changes in cigarette manufacturing and cigarette composition 

(becoming filtered and low-tarred) predispose the smokers to inhale the tobacco smoke deeper into 

the lungs resulting in an increase in peripheral tumours (Lortet-Tieulent et al., 2014).  

Differentiation of histological types of lung cancer is critical in predicting the prognosis of the disease. 

Small cell lung cancer tends to spread extensively regardless of the size, and therefore, it is mostly 

diagnosed in an advanced stage. Adenocarcinoma tends to grow relatively slowly and may often be 

detected earlier compared to other types of lung cancer (Walker et al., 2014; Zappa & Mousa, 2016), 

and associated with better overall survival compared with squamous or large cell carcinoma (J. Zhang 

et al., 2016). Different histological types may also yield different responses to therapeutic agents. For 

instance, pemetrexed (a chemotherapy drug) showed better efficacy in non-squamous NSCLC 

compared with other histological types; bevacizumab (a monoclonal antibody) is prohibited to use in 

squamous NSCLC due to the high risk of pulmonary haemorrhage (Langer et al., 2010).  

The histological classification has come to more significance in recent years as it plays a vital role in 

predicting genetic characteristics of lung cancer, which is crucial in treatment decision-making. Non-

squamous NSCLC patients are likely to have known genetic alterations, for which targeted treatment 

with specific therapeutic agents are available. However, squamous NSCLC has complex genetic 

involvements, and research is ongoing to ascertain therapeutic implications of those genetic 

alterations; hence, the combination chemotherapy remains a mainstay of treatment for this group of 

patients with squamous histology (DeVita et al., 2011; Gandara et al., 2015).  

2.1.7 Treatment modalities  

Management of lung cancer requires a multi-disciplinary approach in various stages such as evaluating 

the tumour stage, determining patient performance status or fitness to undergo treatment 

procedures, planning treatment, implementing treatment and providing palliative care. These 

encompass extensive knowledge and demand involvement of specialists from different areas of 

expertise such as respiratory medicine, pathology, radiology, physiotherapy, thoracic surgery, medical 

oncology, radiation oncology, genetics and palliative care. Treatment of lung cancer largely depends 

on the stage at diagnosis, histological type, driver genetic alterations and performance status of the 
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patients. The primary lung cancer treatment modalities include surgical therapy, radiotherapy, 

chemotherapy, targeted therapy and immunotherapy (Lemjabbar-Alaoui et al., 2015; Reckamp et al., 

2016).  

Surgical therapy 

Resection of a tumour by surgery primarily intends to cure, and it is recommended for early stage 

(stage I and II) tumours. However, about 70% of lung cancer patients are diagnosed in a locally 

advanced or metastatic stage (stage III and IV) (Molina et al., 2008). Surgery is also recommended for 

some advanced stage (stage III) tumours that are resectable in combination with chemo- and/or 

radiotherapy. For metastatic stage (stage IV) patients, surgery may be performed to relieve disease-

related symptoms (Lemjabbar-Alaoui et al., 2015). Surgery has only a limited role in SCLC patients 

since SCLC mostly presents with metastatic disease, but surgery may still be performed in early stage 

SCLC, especially in combination with chemotherapy or radiotherapy (Reckamp et al., 2016).  

Radiotherapy 

Radiotherapy plays an integral part in treating lung cancer of all stages. Stereotactic ablative radiation 

therapy (SABR) is recommended as a first-line treatment to stage I and II NSCLC patients who are high 

risk or unfit for surgery. Radiation therapy provides survival benefits in stage III diseases when it is 

used as a combined therapy such as adjuvant therapy following surgery, and chemoradiation, which 

is the sequential or concurrent combination of chemotherapy and radiotherapy. For stage IV diseases, 

external radiotherapy or internal endoscopic radiotherapy may be given as a palliative treatment to 

relieve symptoms. For patients with SCLC, radiotherapy in combination with chemotherapy is one of 

the standard treatment options for both early and advanced stage diseases (Lemjabbar-Alaoui et al., 

2015; Reckamp et al., 2016). 

Chemotherapy 

Chemotherapy is a key treatment modality for most lung cancer patients as it is recommended for 

advanced stage lung cancer. Most lung cancers are diagnosed in an advanced stage, and about 24% 

of stage I lung cancer may progress to metastatic disease in 5 years of diagnosis (Goodgame et al., 

2009). Most advanced stage patients with a good performance status (PS 0 or 1) benefit from 

chemotherapy, but those with a poor performance status (PS 3 or 4) may not tolerate chemotherapy. 

The recommended first-line chemotherapy is a combination of two cytotoxic agents, preferably 

platinum-based doublet therapy – cisplatin or carboplatin combined with taxanes (e.g. docetaxel, 
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paclitaxel), anti-metabolites (e.g. gemcitabine, pemetrexed), or vinca alkaloids (e.g. vinorelbine). In 

addition, chemotherapy is used as a postoperative adjuvant therapy for resected localised lung cancer, 

and in combination with radiotherapy for locally advanced disease (Lemjabbar-Alaoui et al., 2015).  

With the increased availability of new chemotherapeutic drugs having improved efficacy and/or less 

toxicity, chemotherapy has contributed to survival improvement in lung cancer patients over the past 

two decades (Reckamp et al., 2016). In recent years, targeted therapy and immunotherapy have 

advanced lung cancer treatment, and several studies have investigated the effectiveness of combined 

chemotherapeutic agents and new targeted molecular agents. They showed a potential for better lung 

cancer outcomes, and more research is needed to provide reliable evidence. Thus, despite the risk of 

intolerable toxicity, it is expected that conventional chemotherapeutic drugs may remain a mainstay 

option for treating lung cancer (Lemjabbar-Alaoui et al., 2015).  

Targeted therapy  

Improved molecular knowledge has contributed to therapeutic progress in lung cancer by introducing 

drugs that target the specific molecular aberrations. While cytotoxic chemotherapies kill tumour cells, 

the targeted therapies inhibit tumour cell growth and proliferation, offering more precision and fewer 

side effects. There are two major groups of targeted molecular agents: monoclonal antibodies (e.g. 

bevacizumab, cetuximab) and small molecules (e.g. gefitinib, erlotinib) (Abramson, 2017; Imai & 

Takaoka, 2006). Targeted therapies are indicated based on the identified genetic alterations in non-

squamous NSCLC patients. Genetic alterations and targeted therapies in lung cancer are discussed in-

depth in Section 2.2.  

Immunotherapy  

Immunotherapy is a new and rapidly advancing method in cancer treatment. It inhibits the progress 

of cancer by stimulating the patient’s immune response against cancer cells. Under normal conditions, 

immune checkpoint inhibitory receptors and ligands such as CTLA-4, PD-1 and PD-L1 regulate the 

activity of T lymphocytes preventing autoimmunity. In the presence of a tumour, those immune 

checkpoints are overexpressed. The immune checkpoint inhibitors (antibodies) block the ligand-

receptor interactions enhancing the immune response against cancer cells (Baumeister & Dranoff, 

2015). Research on immunotherapies is ongoing using immune checkpoint inhibitors such as anti-

CTLA-4 (e.g. Ipilimumab), anti-PD-1 (e.g. Nivolumab) and anti-PD-L1 (e.g. Atezolizumab) for treating 

both NSCLC and SCLC (Reckamp et al., 2016). 
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Lung cancer remains a significant global health problem without notable improvement over time 

despite the international efforts in prevention by tobacco control and early diagnosis by screening. As 

such, the treatment of lung cancer demands substantial progress, and the improvements in molecular 

understanding are promising to contribute towards treatment success in the battle against lung 

cancer. The following section will discuss the molecular aspects of lung cancer and progress in lung 

cancer treatment using precision medicines that act on molecular targets.  

 

2.2 MOLECULAR ASPECTS OF LUNG CANCER 

Molecular advances in the field of cancer have provided a more in-depth understanding of lung cancer 

and the involvement of genetic alterations in lung cancer pathogenesis. Understanding lung cancer at 

a molecular level has been an asset to discover more therapeutic agents leading to improved 

treatment outcomes.  

2.2.1 Genetic alterations in lung cancer 

Lung cancer development involves multiple steps at a cellular level to transform normal lung tissue to 

a malignant tumour. Inherited genetic susceptibility, environmental factors or random effects 

contribute to the development of various aberrations in genes such as mutations, deletions or 

amplifications of genetic material. These genetic alterations result in abnormal cell functions 

characterising a malignant tumour, such as uncontrolled proliferation, abnormal differentiation, 

apoptosis, migration, and invasion (DeVita et al., 2011). There are a number of genetic alterations 

associated with lung cancer, and their prevalence generally varies according to the histological types 

of tumours (Table 2.2) (Gesthalter et al., 2017).  

Table 2.2 Common genetic alterations in lung cancer 

Genetic alterations  
Prevalence (%) 

Adenocarcinoma Squamous Small Cell 

EGFR mutation 10~51* 2-3  

FGFR1 amplification  20  

EML4-ALK fusion 3-5 <1  

MET amplification 2-4   

ROS1 fusion 1-2   
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HER2 mutation/ amplification 2-4   

KRAS mutation 15-25 1-2  

BRAF mutation 1-6 4-5  

MYC amplification 25  30-40 

CDKN2A mutation 7 15 >80 

P53 mutation 52 79 75 

LKB1 mutation 9 2 
 

This table is adapted from the table 9.1 in “genomic and precision medicine” (Gesthalter et al., 2017); * Y. Shi et al. (Y. 

Shi et al., 2014). 

In addition to the histological types, the prevalence of genetic alterations can vary widely depending 

on other factors such as patient smoking status. In a study in China, which included 524 confirmed 

lung cancer patients, the average prevalence of EGFR mutations in NSCLC patients was 28.4% – it was 

highest (40.3%) in the adenocarcinoma group and as low as 4.4% in the squamous cell carcinoma 

group. Likewise, the overall KRAS mutation prevalence in NSCLC patients was 5.4%, with a higher 

prevalence in smokers than non-smokers (7.8% versus 3.6%). For AKL mutations, the prevalence was 

highest in the non-smoker adenocarcinoma group showing 9.3%, but no AKL mutations were found in 

the squamous cell carcinoma group (An et al., 2012). The presence of specific genetic alterations 

entitles the use of specific precision medicines.  

2.2.2 Precision medicines targeting genetic alterations   

To date, there are a number of molecularly targeted lung cancer drugs (precision medicines) approved 

by the United States Food and Drug Administration (FDA), the European Medicines Agency (EMA), the 

Australian Therapeutic Goods Administration (TGA), and the New Zealand Medicines and Medical 

Devices Safety Authority (Medsafe). The drugs are generally indicated for NSCLC, with necitumumab 

being only indicated for squamous NSCLC. These drugs can be prescribed alone; some trials showed 

better results when combined with chemotherapeutic agents (Moya-Horno et al., 2018; Seto et al., 

2014; Sugawara et al., 2015). However, the choice of drugs depends on the identified molecular 

targets in individual patients. Table 2.3 summarises the FDA approved targeted drugs currently 

available for the treatment of advanced NSCLC.   
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Table 2.3 FDA approved precision medicines for treatment of lung cancer, showing the corresponding 

genetic targets 

Target FDA approved drugs  

EGFR (HER1/ErbB1) Erlotinib, Gefitinib, Afatinib, Dacomitinib, Necitumumab (squamous NSCLC) 

EGFR T790M mutation Osimertinib 

ALK Alectinib, Brigatinib, Ceritinib, Crizotinib 

HER2 (ErbB2/neu) Afatinib  

BRAF Dabrafenib 

VEGF  Bevacizumab 

VEGFR2  Ramucirumab 

MET  Crizotinib 

ROS1  Crizotinib 

MEK Trametinib (with BRAF V600E mutation) 

This table is referenced from “My Cancer Genome: Overview of targeted therapies for cancer” (Abramson, 2017), 

updated May 27, 2019. 

Among many genetic alterations, EGFR mutation, with the availability of EGFR targeted therapy,  has 

been recognised as the best predictor for treatment response and survival of NSCLC patients (Patel & 

Bernicker, 2018). Since 2004 when its effectiveness was first reported (J. Lynch et al., 2004; Paez et 

al., 2004), EGFR mutation targeted therapy has significantly contributed to improving lung cancer 

outcomes. The following section will discuss how EGFR is involved in lung cancer, and the use of EGFR 

targeted therapy in the treatment of non-squamous NSCLC in-depth.  

 

2.3 ROLE OF EGFR MUTATION IN LUNG CANCER  

2.3.1 What is EGFR? 

EGFR, the epidermal growth factor receptor, is a transmembrane tyrosine kinase receptor for 

members of the epidermal growth factor (EGF) family of extracellular ligands. EGFR (also known as 

ErbB-1) is a member of ErbB family of proteins, which contains four tyrosine kinase receptors (Figure 

2.2): EGFR (ErbB-1), HER2/neu (ErbB-2), HER3 (ErbB-3), and HER4 (ErbB-4). Binding of an EGF ligand to 

the extracellular domain of the EGFR receptor leads to dimerization of the receptor proteins that 

involves structural rearrangements in the receptor, resulting in induction of the kinase activity. 

Consequently, tyrosine residues of the receptors are phosphorylated, thereby activating the 



 

15 
 

downstream signalling pathways responsible for different functions of the cell such as cell migration, 

adhesion, differentiation and proliferation. Research found significant overexpression of EGFR in 

NSCLC and other epithelial cancers (Fujino et al., 1996; Herbst, 2004; Hongtao Zhang et al., 2007).  

 

  

EGF, epidermal growth factor; TGFA, transforming growth factor-alpha; HBEGF, heparin-binding EGF-like growth 

factor; BTC, betacellulin; AREG, amphiregulin; EREG, epiregulin; EPGN, epigen; and NRG, neuregulin; adapted from 

Figure 1 in “ErbB receptors: from oncogenes to targeted cancer therapies” (Hongtao Zhang et al., 2007). 

Figure 2.2 ErbB receptors and their ligands  

 

2.3.2 Significance of the mutation of EGFR 

Subsequent to the understanding of EGFR overexpression in lung cancer, approaches that target EGFR 

to control cancer progress have emerged. However, the outcomes of EGFR targeted treatment varied 

initially in unselected NSCLC patients. The results were promising in some studies such as IDEAL1 

(Fukuoka et al., 2003) and IDEAL2 (Kris et al., 2003) trials. In contrast, they were discouraging in other 

studies such as INTACT1 (Giaccone et al., 2004) and INTACT2 (Herbst et al., 2004) trials. In 2004, Lynch 

et al. and Paez et al. discovered that NSCLC patients who showed dramatic responses to EGFR 

inhibitors (8 out of 9 patients) had activating EGFR gene mutations, essentially causing overexpression 

of EGFR (J. Lynch et al., 2004; Paez et al., 2004). This finding defines EGFR-mutant NSCLC that typically 

responds to EGFR targeted therapies.  
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2.3.3 EGFR mutation: Locations, types and sensitivity to treatment 

A gene mutation is defined as “a permanent alteration in the DNA sequence that makes up a gene, 

such that the sequence differs from what is found in most people. Mutations range in size; they can 

affect anywhere from a single DNA building block (base pair) to a large segment of a chromosome that 

includes multiple genes” (U.S. National Library of Medicine, 2018b). EGFR gene in human locates at 

11.2 position of the short arm of chromosome 7, noted as 7p11.2. In terms of base pairs, it starts at 

55.02 mega base pairs (Mb) and ends at 55.21 Mb. The mutation affected regions of the EGFR genes 

result in constantly activated EGFR protein regardless of the presence of a ligand that binds with EGFR. 

Consequently, the cells continue to proliferate, forming a tumour (U.S. National Library of Medicine, 

2018a).  

The EGFR mutations that are associated with lung cancer cluster in the region that encodes the 

tyrosine kinase domain of the protein. These mutations can be in-frame deletions, single-nucleotide 

substitutions, and in-frame duplications and/or insertions. Among these, an in-frame deletion of 

amino acids leucine (L), arginine (R), glutamate (E), alanine (A) – LREA in exon 19, and a single point 

substitution of amino acid arginine (R) in place of leucine (L) at position 858 – L858R in exon 21 are 

the most common mutations of all EGFR mutations, contributing 44% and 41%, respectively (Figure 

2.3). Less common EGFR mutations include changes of glycine to another amino acid at position 719 

(G719X) in exon 18 (4%), other single nucleotide changes including T790M in exon 20 (6%), and 

duplications and/or insertions in exon 20 (5%). Other rare mutations contribute less than 1%, such as 

V765A and T783A (AF Gazdar & Gazdar, 2009; Pao & Chmielecki, 2010; Sharma et al., 2007). EGFR 

mutation commonly coincides with TP53 mutation in adenocarcinoma NSCLC (7% in Western and 17% 

in Asian patients), whereas EGFR and KRAS mutations were generally mutually exclusive (Dearden et 

al., 2013). 

 

This figure is derived from Figure 3 in “Rational, biologically based treatment of EGFR-mutant non-small-cell lung 

cancer” (Pao & Chmielecki, 2010). 

Figure 2.3 Common mutations in the tyrosine kinase domain (exon 18-24) of EGFR gene 
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These types of EGFR mutation predict the response to EGFR-TKIs, an EGFR targeted therapy (to be 

discussed in the following section). Studies observed that patients with common EGFR mutations 

benefit more from EGFR-TKIs than those having rare or complex mutations (Arrieta et al., 2015; Baek 

et al., 2015; Kuiper et al., 2016). Studies also identified the second-site EGFR mutations: T790M in 

exon 20, L747S or D761Y in exon 19 and T854A in exon 21 (displayed in the bottom line of Figure 2.3), 

which are associated with acquired resistance to initial EGFR-TKIs therapy (Pao & Chmielecki, 2010; 

Sharma et al., 2007). Insertion mutations in exon 20 of the EGFR gene, such as Ala767 and Ser768, also 

confer resistance to first-line EGFR-TKIs (Yasuda et al., 2012). For NSCLC patients with EGFR mutations 

in exon 19, which is susceptible to many different mutation subtypes, EGFR-TKIs are equally effective 

regardless of the different subtypes (Su et al., 2017). Thus, the type of EGFR mutation is important to 

be identified to inform the drug of choice.  

2.3.4 Diagnosis of EGFR mutations  

Gene mutations can be detected by molecular tests that analyse DNAs. The molecular tests for 

diagnosis of EGFR mutations are generally categorised into two main groups: screening tests and 

targeted tests (Table 2.4). Screening tests screen the tumour samples for all EGFR mutations, including 

novel variants. The historical standard test for EGFR gene mutation is one of the screening tests called 

direct sequencing. While it is relatively simpler and less costly compared to newer targeted 

techniques, its sensitivity is found to be questionable, and it has longer turnaround times. Targeted 

tests, in contrast, analyse the samples for specific known EGFR mutations, such as exon 19 deletions 

and exon 21 L858R point mutations. Although generally more costly, tests based on targeted methods 

provide more promising quality in detecting EGFR gene mutations (Cappuzzo, 2014; Ellison et al., 

2013; Feng et al., 2017).  

These molecular tests detect EGFR mutations in the DNAs that are extracted from tumour samples, 

usually in the form of formalin-fixed paraffin-embedded (FFPE) tissue sections. For a test to perform 

efficiently, a sufficient tumour content is required to be included in tissue samples depending on the 

sensitivity of the test. The sensitivity of the test in this context refers to the minimal proportion of the 

tumour tissue in the tissue sample for a test to be able to detect mutations where present. For 

example, direct sequencing test has a sensitivity of 20%, i.e. it requires the tissue sample to include at 

least 20% of tumour cells to detect mutations. In fact, the tumour content contained in a lung tissue 

sample can vary from 5% to 100% (Ellison et al., 2013; Feng et al., 2017). It implies that there may be 

limitations for some screening tests to efficiently detect EGFR mutations from a small tissue sample. 

In contrast, targeted tests with high sensitivities such as PNA-LNA PCR clamp only require a low 
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proportion of tumour content. Table 2.4 summarises major tests for detecting EGFR mutations 

showing their corresponding sensitivities (Cagle et al., 2018; Cappuzzo, 2014; Ellison et al., 2013; Feng 

et al., 2017; Krawczyk et al., 2015).  

Table 2.4 Major molecular tests for detecting EGFR mutations 

Tests  Sensitivity * 

Screening tests  

 
Polymerase chain reaction (PCR)-direct sequencing 20 

 
Pyrosequencing 5-10 

 
High-resolution melting analysis (HRMA) 2.5-10 

 
Denaturing high-performance liquid chromatography (dHPLC) 5 

 
Fragment analysis 5 

Targeted tests  

 
TaqMan PCR 5-10 

 
Amplified Refractory Mutation System (ARMS) 1 

 
Peptide nucleic acid-locked nucleic acid (PNA-LNA) clamp  0.1-1 

 Mass spectrometry genotyping 5-10 a 

 Next Generation Sequencing (NGS) 0.5-5 b 

* Sensitivity in this context refers to the minimal proportion of tumour tissue in the lung tissue sample for a test to be 

able to detect mutations where present. a Reference: Beadling et al. (2011). b References: De Biase et al. (2013) and 

Buttitta et al. (2013). The remaining information in the table was referenced from Cappuzzo (2014). 

With rapidly advancing molecular technologies, we can now detect EGFR mutations in circulating 

tumour cells (CTCs), circulating tumour DNA (ctDNA), or cell free DNA (cfDNA) just from the peripheral 

blood of the patient (Bernicker, 2018). There are several studies that assessed the reliability of EGFR 

mutation detection in peripheral blood-based samples. A systematic review that pooled the results of 

26 published studies based on the 3253 NSCLC patients reported that the diagnosis of EGFR mutation 

in plasma or serum had an excellent specificity (0.97). But sensitivity (in this context, sensitivity refers 

to the ability of the test to identify the mutation correctly) was not as favourable (0.65) and varied 

according to mutation testing methods (Y. Wu et al., 2015). Although this strategy of using blood 

sample for EGFR mutation testing is promising, further research is needed to have it implemented as 

a routine diagnostic approach.  

Besides molecular techniques, immunohistochemistry (IHC) is also widely used due to its routine 

availability in clinical laboratories, quick turnaround time, and cost effectiveness (Cappuzzo, 2014; 

Obradovic & Jurisic, 2012). IHC is based on binding of EGFR mutation-specific antibodies to specific 

antigen (protein) in the tissue sample. It assesses the presence of mutations by detecting 
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overexpressed targets, examined microscopically with the help of immunohistochemical staining on 

the tissue slides (Obradovic & Jurisic, 2012; Ramos-Vara, 2005). This test is highly specific, but it shows 

vague sensitivities varying from 30% to 100%. Moreover, for detecting multiple EGFR gene mutations, 

it requires multiple specific antibodies and a greater quantity of tissue sample. Thus, it does not 

replace but is only used as an adjunct to molecular methods (Hitij et al., 2017; Houang et al., 2014).  

Nonetheless, several methods, despite varying accuracies, are available for EGFR mutation testing, 

with the tissue-based testing being the gold standard. The tests used in current practice can detect 

specific types of known EGFR mutations, e.g. Roche Cobas test (Roche Diagnostics, 2019), and some 

tests can also detect co-mutations at the same time, e.g. OncoFOCUS test (Agena Bioscience, 2016). 

Once EGFR mutations are identified, the eligibility of patients for EGFR targeted therapy can be 

determined.  

2.3.5 Precision medicines targeting EGFR mutation 

EGFR has been identified as an important target for molecular treatments with proven clinical success 

in lung cancer patients. EGFR targeted molecular agents can be classified into two main types: 

monoclonal antibodies, which target specific antigens present on the cell surface (e.g. necitumumab); 

and small molecules, which cross the cell membrane and target enzymatic activity of the proteins 

inside the cell (e.g. gefitinib and erlotinib) (Abramson, 2017; Imai & Takaoka, 2006). FDA has approved 

the following tyrosine kinase inhibitors (TKIs) of small molecules group: Gefitinib, erlotinib and 

dacomitinib for NSCLC patients with common EGFR mutations; afatinib for NSCLC patients with 

uncommon EGFR mutation; and osimertinib particularly for EGFR T790M-mutant NSCLC patients 

(Abramson, 2017; Hirsch et al., 2017; W. Li et al., 2018). FDA has also approved necitumumab, a 

monoclonal antibody, for squamous cell NSCLC, but its efficacy is not related to the mutation of EGFR. 

The EGFR-TKIs compete with ATP at the ATP binding site of the tyrosine kinase domain of EGFR inside 

the cell. As a result, EGFR-TKIs inhibit the phosphorylation of tyrosine, thereby preventing the 

downstream signalling pathways (Figure 2.4) (Cappuzzo, 2014; Imai & Takaoka, 2006). Gefitinib and 

erlotinib belong to reversible first-generation EGFR-TKIs; dacomitinib and afatinib belong to the 

irreversible second generation, and osimertinib belongs to the potent irreversible third generation. 

Research recommends first and second-generation EGFR-TKIs as first-line therapy in EGFR-mutant 

NSCLC patients. The third-generation EGFR-TKIs are reserved for those patients who developed 

acquired drug resistance, most commonly due to occurrence of second site mutation, T790M, 

resulting in a change in the shape of ATP binding site (Castellanos & Horn, 2015). Most recently, the 
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fourth generation EGFR-TKI, EAI045, has been developed to overcome T790M and C797S resistance, 

but it is yet to validate its efficacy (Shuhang Wang et al., 2017). 

 

EGFR, Epidermal Growth Factor Receptor; TKI, Tyrosine Kinase Inhibitor. This figure is adapted from “Guide to targeted 

therapies: EGFR mutations in NSCLC” (Cappuzzo, 2014). 

Figure 2.4 Mechanism of action of EGFR-TKIs 

 

In New Zealand, PHARMAC, a New Zealand government Pharmaceutical Management Agency that 

makes decisions on funding of medicinal products in New Zealand (New Zealand Government, 2020), 

has been funding gefitinib as first-line therapy for treating advanced EGFR mutation-positive NSCLC 

patients since August 2012. PHARMAC has also been funding erlotinib as first or second-line therapy 

for treating advanced EGFR mutation-positive NSCLC patients starting from January 2014. PHARMAC 

had previously funded erlotinib for treating any advanced NSCLC patients without restriction between 

October 2010 and December 2013 (McKeage et al., 2017). 

2.3.6 Effects of EGFR-TKIs on lung cancer outcomes 

Several trials have validated the effectiveness of EGFR-TKIs in NSCLC patients. Major phase III 

randomised controlled trials on gefitinib include First-SIGNAL (Han et al., 2012), IPASS (Mok et al., 

2009), WJTOG 3405 (Mitsudomi et al., 2010) and NEJSG 002 (Maemondo et al., 2010). These trials 

studied gefitinib as first-line therapy, compared with platinum-based chemotherapy in EGFR 

mutation-positive NSCLC patients (identified by post hoc mutation analysis in First-SIGNAL and IPASS). 

They found that gefitinib was associated with higher response rate, and also conferred better median 
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progression-free survival (PFS) than chemotherapy: 8-11 months in the gefitinib arm versus 5-7 

months in the chemotherapy arm with hazard ratios (HR) of 0.3-0.6. PFS is the time period at which 

the disease does not worsen after starting or completing the treatment (National Cancer Institute, 

2020). Similar results were found for erlotinib in large OPTIMAL (Zhou et al., 2011), ENSURE (Y. L. Wu 

et al., 2015), and EURTAC (Rosell et al., 2012) phase III trials: median PFS 10-13 months in the erlotinib 

arm versus 5 months in the chemotherapy arm with HRs of 0.16–0.37. Dacomitinib has shown a 

superior efficacy compared to gefitinib: median PFS 14.7 months in the dacomitinib group versus 9.2 

months in the gefitinib group (Y. L. Wu et al., 2017). 

The LUX-3 (Sequist et al., 2013) and LUX-6 (Y. L. Wu et al., 2014) phase III trials indicated significant 

improvement in median PFS with afatinib compared with platinum-based chemotherapies in EGFR 

mutation-positive NSCLC patients (11 months versus 6-7 months; HR 0.28-0.58). EGFR-TKIs generally 

improve median PFS, but there was no evidence of significant associations with overall survival 

(Castellanos & Horn, 2015; Q. Shi et al., 2018), while it may be due to the effects of crossover imposing 

difficulty to determine the overall survival benefits from the randomised regimens (Y. L. Wu et al., 

2015). However, afatinib increased overall survival in a specific group of patients who had exon 19 

deletion mutation (J. C. Yang, Wu, et al., 2015). Afatinib was also found to be effective in NSCLC 

patients with uncommon EGFR mutations such as Gly719Xaa, Leu861Gln, and Ser768Ile (J. C. Yang, 

Sequist, et al., 2015). In addition, LUX-7 trial found that afatinib had superior efficacy compared with 

gefitinib in previously untreated NSCLC patients with common EGFR mutations (Park et al., 2016).  

Clinical trials also evidenced the effectiveness of osimertinib, a preferred treatment for the acquired 

drug-resistant disease. Osimertinib provided significantly better median PFS (9.6 months versus 2.8 

months) in EGFR T790M-mutant patients than those without T790M mutation, who had progressive 

disease after being treated with EGFR-TKIs previously  (Jänne et al., 2015). Osimertinib has also been 

proven to be of significantly greater efficacy than platinum therapy plus pemetrexed in T790M-mutant 

patients following gefitinib or erlotinib failure, showing the median PFS of 8.5 months versus 4.2 

months (Mok et al., 2017). In the first line setting, osimertinib demonstrated superior overall survival 

(38.6 months versus 31.8 months, although their 95% confidence limits overlap) compared to gefitinib 

or erlotinib in patients with EGFR exon 19 deletion or L858R mutations (Ramalingam et al., 2020). In 

the resected stage IB-IIIA EGFR-mutant NSCLC patients, the adjuvant osimertinib significantly 

prolonged disease-free survival compared to placebo, hazard ratio for disease recurrence or death 

0.20, P<0.001 (Y.-L. Wu et al., 2020).  

Studies are trialling combination of EGFR-TKIs with other molecular targeted agents in an attempt to 

optimise treatment benefits and to overcome emerging drug resistance. A recent phase II trial on 
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EGFR-mutant NSCLC patients showed that erlotinib and bevacizumab combination was superior to 

erlotinib alone despite higher toxicities: median PFS 16 months versus 10 months (Seto et al., 2014). 

In another recent study that compared a concurrent regimen with a sequential alternating regimen of 

gefitinib and chemotherapy, the difference in median PFS between the two arms showed non-

significant (18.3 months versus 15.3 months) although overall survival may be better with the 

concurrent regimen (Sugawara et al., 2015). Tong et al. (2017) provide a comprehensive review of 

drug combination studies, with most of them in phase I or II, demonstrating a potential path to 

overcoming EGFR-TKI resistance.  

 

2.4 PRELUDE TO MAIN STUDIES  

Based on the significant role of EGFR mutation in lung cancer, the efforts in improving treatment 

outcomes are substantially advancing. However, there are still aspects that research needs to 

investigate. EGFR mutation status defines non-squamous NSCLC into two different diseases – EGFR 

mutation-positive and EGFR mutation-negative non-squamous NSCLC, with different optimal 

treatments. However, the epidemiology of EGFR mutation-specific NSCLC needs to be understood 

better, such as their incidence in the population, the survival outcomes, and factors affecting survival 

outcomes of those two specific diseases. Also, requirements to diagnose EGFR mutation, as discussed 

earlier, indicate a gap to inform EGFR mutation status for every patient, thereby determining access 

to EGFR targeted therapy.  

In New Zealand, the incidence and survival of EGFR mutation-specific non-squamous NSCLC and the 

ability to predict EGFR mutation status were unknown. Thus, this PhD research attempts to contribute 

knowledge to the three major aspects: estimating the incidence of EGFR mutation-specific non-

squamous NSCLC, investigating the survival of non-squamous NSCLC patients based on EGFR mutation 

status, and estimating the probabilities of EGFR mutation positivity for individual patients who are 

untested for EGFR mutation using a predictive model. The backgrounds for each study will be 

elaborated in the respective following chapters. Before presenting each of these three studies, the 

next chapter will describe the study data overall, introducing data sources and variables, and outline 

the ethical considerations. 
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Chapter 3 

Study data and ethical considerations 

This chapter introduces the main study data describing the data sources, study population, collected 

variables, and ethical considerations. The included and excluded patients for analyses in each study 

will be detailed in their respective chapters.   

3.1 DATA SOURCES AND STUDY POPULATIONS 

This observational retrospective cohort study used the data of all patients who were diagnosed with 

non-squamous non-small cell lung cancer (NSCLC) in northern New Zealand between 1 February 2010 

and 31 July 2017 (n=3815). The northern New Zealand area comprises four District Health Board (DHB) 

regions: Northland, Waitemata, Auckland and Counties Manukau, and contributes approximately 40% 

of total New Zealand population. Non-squamous NSCLC was indicated by the ICD-O3 morphology 

codes (World Health Organization, 2013) 8000, 8010-8015, 8030-8046, 8070, 8140, 8230-8255, 8260, 

8265, 8310, 8350-8551, 8560, and 8576. Since EGFR mutations are related to non-squamous histology, 

and the New Zealand National Health Committee currently recommends EGFR mutation testing to 

non-squamous NSCLC patients only (NHC, 2013), this study included non-squamous NSCLC.  

Eligible patients were identified from the New Zealand Cancer Registry (NZCR), and the following 

information was extracted: patient background characteristics such as National Health Index (NHI) 

number, date of birth, date of diagnosis, gender, ethnicity, District Health Board (DHB) region, and 

domicile codes; and tumour-related factors such as the basis of diagnosis, morphology code, site of 

the lung and extent of the disease. Each of these variables are defined in the following section (Section 

3.2). 

The basic set of data was linked, using the NHIs, to the other data sources: individual patient medical 

records to obtain information on smoking status and performance scores, laboratory reports and 

TestSafe to obtain information on EGFR mutation status, pharmaceutical records to obtain 

information on EGFR-TKI drug dispensing and mortality records to update information on survival 

status.  

The NZCR is a well-established population-based cancer registry that registers all primary cancers 

being diagnosed in New Zealand, excluding squamous and basal cell skin cancers. It collects key 

demographic information of the patients inclusive of ethnicity and domicile code, and tumour related 
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information such as date of diagnosis, cancer site, morphology and disease extent information 

(Ministry of Health NZ, 2020).  

TestSafe, founded in early 2010, is a clinical information sharing service contributed by the DHBs in 

northern New Zealand. It compiles the laboratory and radiology results and reports from DHB 

facilities, community laboratories, community radiology providers and community pharmacists 

(CareConnect, 2020).  

EGFR mutations were detected using the Roche Cobas® real-time PCR (Roche Diagnostics, 2019) or 

Agena MassARRAY OncoFOCUSTM (Agena Bioscience, 2016) tests. These two tests have been validated  

previously (Shepherd et al., 2017). The Roche Cobas® real-time PCR test (upgraded version v2 was 

approved by FDA in June 2016) is mainly used for investigation of EGFR gene mutations, being made 

available in New Zealand in two public laboratories: LabPlus and Canterbury Health Laboratories, 

under Auckland District Health Board (DHB) and Canterbury DHB, respectively; as well as in one private 

laboratory, PathLab (National Health Committee, 2015). The Cobas EGFR mutation test is a TaqMan 

probe technology-based targeted method and can identify 42 known mutations in exons 18, 19, 20 

and 21 of the EGFR gene. The test detects mutations in DNA isolated from FFPE tissues blocks, or 

circulating-free DNA (cfDNA) from plasma-derived EDTA anti-coagulated peripheral blood (Roche 

Diagnostics, 2019). Tissue samples should contain at least 10% tumour cells to detect EGFR mutation. 

For cfDNA detection, 10 ml of peripheral blood sample is required. Although detection limits differ 

according to the type of sample, the Cobas test is evidenced as a reliable test having good sensitivity 

and specificity (Cagle et al., 2018; Malapelle et al., 2017).  

The Agena MassARRAY OncoFOCUSTM (v3) test is available at Igenz, a private lab in Auckland, and also 

at LabPLUS. The OncoFOCUS uses a targeted mass spectrometry genotyping method designed to 

identify over 200 known mutations simultaneously, including not only substitutions, insertions, and 

deletions across exons 18, 19, 20, and 21 of the EGFR gene, but also mutations in BRAF, KIT, KRAS, and 

NRAS genes. The test also requires tumour tissue samples prepared in FFPE blocks (Agena Bioscience, 

2016), and the sample should contain 5-10% tumour cells for the test to detect EGFR mutations where 

present (Beadling et al., 2011). The OncoFOCUS is a sensitive, reliable and fast molecular test having a 

moderately high agreement with the Cobas test in detecting EGFR mutation, and a very high 

agreement for identification of specific EGFR mutation variants in EGFR mutation-positive patients 

(Kriegsmann et al., 2015; Shepherd, 2017). 
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3.2 DEFINITIONS OF VARIABLES  

Age (from NZCR): Age (in completed years) at diagnosis, categorised into five groups: less than 50 

years (i.e. 15-49 years), 50-59 years, 60-69 years, 70-79 years, and 80 years and above.  

Gender (from NZCR): A binary variable, indicating male or female. 

Ethnicity (from NZCR): The ethnicity information was obtained in two-digit codes, as listed below. 

These ethnic groups were re-categorised as New Zealand European (codes 10-12), Māori (21), Pacific 

Peoples (30-37), Asian (40-44) and Other & unknown (51-99). New Zealand has standardised Ethnicity 

Data Protocols for the Health and Disability Sector in place to ensure the best quality and of statistical 

standard to analyse health data by ethnicity (Ministry of Health, 2017). 

10 = European not further defined 

11 = New Zealand European 

12 = Other European 

21 = Māori  

30 = Pacific Island not further defined 

31 = Samoan 

32 = Cook Island Māori  

33 = Tongan 

34 = Niuean 

35 = Tokelauan 

36 = Fijian 

37 = Other Pacific Peoples 

40 = Asian not further defined 

41 = Southeast Asian 

42 = Chinese 

43 = Indian 

44 = Other Asian 

51 = Middle Eastern 

52 = Latin American 

53 = African 

61 = Other ethnicity 

94 = Don't know 

95 = Refused to answer 
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96 = Repeated value 

97 = Response unidentifiable 

98 = Response outside scope 

99 = Not stated 

Smoking status at diagnosis (from medical records): This information was available in three 

categories: current smoker, ex-smoker and non-smoker. In the analysis for estimating EGFR mutation-

positive and negative NSCLC incidence, the current smoker and ex-smoker groups were combined into 

“ever-smoker”, and the remaining non-smoker was renamed as “never-smoker”. 

Performance status at diagnosis (from medical records): A measure of the patient’s ability to perform 

activities of daily living without help, estimated using the Eastern Cooperative Oncology Group (ECOG) 

score of 0-5 (Oken et al., 1982): 

0 = fully active, 

1 = restricted physical activity but able to do light work, 

2 = capable of selfcare but unable to do any work activities, 

3 = capable of limited selfcare, confined to bed or chair more than 50% of waking hours, 

4 = completely disabled, totally confined to bed or chair, and 

5 = dead 

Basis of diagnosis (from NZCR): It refers to the means of diagnosis of cancer (World Health 

Organization, 2013), coded as follows in the NZCR dataset.  

0 = death certificate,  

1 = clinical (without 2-7),  

2 = clinical investigation,  

4 = specific tumour markers,  

5 = cytology,  

6 = histology of a metastasis,  

7 = histology of a primary tumour, and  

9 = unknown.  

Morphology code (from NZCR): Among the ICD-O3 morphology codes for non-squamous NSCLC (as 

described in Section 3.1), 8140, 8260, 8310, 8350-8551, 8576, and 8230-8255 were identified as 

“Adenocarcinoma”, and the remaining codes were categorised as the “Other” group. 
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Site (from NZCR): The site of the primary tumour in the lungs, categorised as the main bronchus, upper 

lobe, middle lobe, lower lobe, and overlapping/unspecified groups. 

Extent at diagnosis (from NZCR): The NZCR records the extent of involvement of the tumour at 

diagnosis as staging information, categorised as localised, regional spread, distant spread, and 

unknown extent, adapting the USA National Cancer Institute recommended SEER summary staging 

system (Ministry of Health NZ, 2020), a standard classification of disease staging used by cancer 

registries. This disease extent variable was collapsed into two groups to create metastasis variable for 

survival analyses: No metastasis, “M0” including local disease, the disease with regional spread, or 

unknown extent; and metastasis, “M1” including the disease with distant metastasis at diagnosis.  

Mutation status (from TestSafe and laboratory records): The information on EGFR mutation status 

(yes/no) and type of mutation was extracted from the text records in laboratory reports and TestSafe 

database. The EGFR-TKI-sensitive mutations include exon 19 LREA deletion, L858R, G719X, S768I, 

L861Q, E709A and R776C, detected at diagnosis prior to EGFR-TKI therapy. The EGFR mutations 

insensitive to gefitinib or erlotinib include exon 20 insertions, exon 20 T790M alone or those detected 

together with another sensitive mutation at diagnosis (Yasuda et al., 2012; Yu et al., 2014). All EGFR 

mutations regardless of the sensitivity to EGFR-TKIs were categorised as EGFR mutation-positive in 

estimating the non-squamous NSCLC incidence defined by EGFR mutation, whereas only the EGFR-TKI 

sensitive mutations were regarded as EGFR mutation-positive in the analyses of overall survival and 

the development of EGFR mutation predictive model. 

Tested: This indicates whether the patients were tested for EGFR mutation, categorised as ‘yes’ if the 

EGFR mutation test result was available, and categorised as ‘no’ otherwise. 

EGFR-TKI (from pharmaceutical records): This indicates whether the patients had been given gefitinib 

and/or erlotinib or not. This variable was re-categorised into a “yes” group if any of the EGFR-TKIs was 

given, and a “no” group if EGFR-TKI was not given. 

 

3.3 DEFINITIONS OF OUTCOMES 

Tested proportion: the number of patients tested for EGFR mutation divided by all non-squamous 

NSCLC cases, shown in per cent. 
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EGFR mutation-positive proportion: the number of EGFR mutation-positive patients divided by the 

total number of tested patients, shown in per cent.  

Crude and age-specific incidence rate: the annual number of cases per 100,000 population. The 

resident population was obtained from the 2013 New Zealand census data (Statistics New Zealand, 

2013). 

Age-standardised incidence rate (ASR): the disease incidence rate that is age-standardised using the 

WHO world standard population (Ahmad et al., 2001).  

Standardised incidence ratio (SIR): the ratio of two age-standardised incidence rates (ASRs).  

Uncorrected incidence rate (crude or ASR): the crude incidence rate or ASR calculated based on the 

actual tested proportions.  

Corrected incidence rate (crude or ASR): the crude incidence rate or ASR estimated based on 100% 

testing (i.e. if all non-squamous NSCLC patients were tested for EGFR mutation). 

Survival: the survival of patient from the time of diagnosis (Parkin & Hakulinen, 1991).  

EGFR mutation predictive model: A predictive model that is used to estimate the EGFR mutation 

probabilities.  

ROC and AUC: The Receiver Operating Characteristic (ROC) curve is drawn by plotting the sensitivity 

(i.e. True Positive Rate) against 1-specificity (i.e. False Positive Rate) at various threshold points 

(Hajian-Tilaki, 2013). It is used to determine the ability of a binary classifier (e.g. a test to diagnose a 

disease either positive or negative) to correctly discriminate the two groups, fundamentally by 

observing the Area Under ROC Curve (AUC). AUC is interpreted as the probability that a test ranks a 

randomly chosen positive subject as more likely to be positive than a randomly chosen negative 

subject. An AUC of 0 indicates the test incorrectly differentiate all subjects; 0.5, a random guess, i.e. 

no discrimination; and 1, the test can perfectly discriminate positive and negative subjects (Hajian-

Tilaki, 2013).  
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3.4 ETHICAL CONSIDERATIONS 

This PhD research used routinely collected data and did not involve direct contact with patients, thus 

obtaining patient consents was inapplicable. The eligible patients were identified from the National 

Cancer Registry where it is a legal requirement for health providers to report cancer to the cancer 

registry when a cancer is diagnosed in any person, without the patient’s consent being required 

(Ministry of Health & New Zealand Government, 2013).  

The individual patients were identifiable by NHI number in the original datasets, which had been 

encrypted with passwords. Great care was taken to ensure the confidentially of patient information 

throughout the study process by strictly limiting the access to the study data to the investigators who 

were directly involved in the current research. The individual patient-level data have not been shared 

in the published papers or elsewhere, and only aggregated and deidentified data were made available 

in the published papers for replicating the study. This study followed the National Ethical Standards 

for Health and Disability Research and Quality Improvement (NZ National Ethics Advisory Committee, 

2020) to maintain patient data confidentially and privacy.  

The ethical approval for collection and use of data for research purposes was obtained from the 

Northern B Health and Disability Ethics Committee (reference: 13/NTB/165/AM10) (ANZCTR, 2018).  
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Chapter 4 

Estimating the incidence of non-squamous NSCLC by EGFR mutation status 

This chapter links to the objective number (2) To estimate the incidence of EGFR mutation-specific 

non-squamous NSCLC overall and in subgroups defined by sex, ethnicity and smoking status. This 

chapter will set out with the background of this study and elaborate on the methods used in the 

analyses. Then the next section will present the original article of the study, which has been published 

in PLOS ONE, depicting the results, discussion and conclusion. The background and methods are 

discussed in-depth below, which may have some overlaps with those in the published article.  

 

4.1 BACKGROUND  

With the evidence of benefits of EGFR-TKI therapy in lung cancer patients who are EGFR mutation-

positive, there is a call for understanding lung cancer by EGFR mutation status. Research to date has 

reported EGFR mutation-positive proportions and its associated factors, based on the tested NSCLC 

patients. However, little is known about the incidence and risk of EGFR mutation-positive and negative 

lung cancer in the general population and among subgroups defined, for example, by sex and ethnicity. 

This background section will discuss the reported EGFR mutation-positive proportions and the 

associated risk factors, articulating the significance of the estimation of EGFR mutation-specific 

disease incidence in the population.  

4.1.1 EGFR mutation-positive proportions and associated factors 

The “EGFR mutation-positive proportion” is the number of EGFR mutation-positive patients divided 

by the total number tested for EGFR mutation. It can vary widely among populations based on the 

multiple factors such as patient factors, e.g. by sex, ethnicity and smoking status; and tumour factors, 

e.g. histological type.  

Several studies have investigated the factors associated with EGFR mutation positivity. A systematic 

review and meta-analysis based on 94 (mostly clinical) studies published internationally up to 2012, 

named mutMap, reported that EGFR mutation-positive proportions are substantially higher in 

adenocarcinoma histology and Asian ethnicity  (Dearden et al., 2013): Asian adenocarcinoma 48%, 

Western adenocarcinoma 19%, Asian squamous 5%, and Western squamous 3%. MutMap II extended 
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their systematic review to include 151 worldwide studies published up to 2014 and examined the 

EGFR mutation-positive proportions in adenocarcinoma NSCLC patients by ethnicity, geography, 

gender and smoking status (Midha et al., 2015). This comprehensive review showed that EGFR 

mutation-positive proportions were highest in the Asia-Pacific region (China, Hong Kong, Japan, Korea 

and Taiwan) and lowest in Oceania (Australia) – 47% versus 12%; higher in women than men – e.g. 

60% versus 37% in the Asia-Pacific subgroup; higher in never-smokers than ever-smokers – e.g. 64% 

versus 33% in the Asia-Pacific subgroup (Midha et al., 2015). These findings of higher EGFR mutation-

positive proportions in adenocarcinomas, women, never-smokers and Asians are also consistent with 

a more recent meta-analysis (Chapman et al., 2016), which was based on 167 published studies until 

July 2015.  

High EGFR mutation-positive proportions in Asian population are also evident in a large prospective 

PIONEER study, which included seven Asian regions, showing an overall EGFR mutation-positive 

proportion of 51.4% (Y. Shi et al., 2014). Another large systematic review and meta-analysis, which 

included 456 studies worldwide published up to June 2013, reported a pooled EGFR mutation-positive 

proportion of 32.3%, showing 38.8% for Asian and 17.4% for Caucasian (Y. L. Zhang et al., 2016). The 

study also concluded that EGFR mutation-positive proportions were higher in female, non-smoker, 

and adenocarcinoma subgroups of NSCLC patients. Additionally, some studies claimed that observed 

variations in EGFR mutation-positive proportions could be explained by interethnic genetic variations 

(Nomura et al., 2007; Soraas & Stebbing, 2018).  

In New Zealand, the overall EGFR mutation-positive proportion is 21.6% based on the 1059 non-

squamous NSCLC patients, who were diagnosed between January 2010 and December 2015 and 

tested for EGFR mutation (Tin Tin et al., 2018). Similar to international findings, females presented 

with EGFR mutation more commonly than males (24.4% versus 18.1%), and adenocarcinoma (23%) 

than the remaining non-squamous histologies. New Zealand has specific ethnic populations such as 

New Zealand indigenous Māori, peoples of Pacific origin, and Asians, in addition to the majority New 

Zealand Europeans and other minor or unknown ethnicities (Ministry of Health, 2010). Among these 

ethnicities, Asians showed the highest EGFR mutation-positive proportion (51.1%), followed by 

Pacifica (26.2%) and New Zealand Europeans (16.1%), and it was lowest in Māori (13.7%) (Tin Tin et 

al., 2018).  

4.1.2 Incidence and population risk of EGFR mutation-specific lung cancer 

The incidence of a disease is defined as the number of newly diagnosed cases in a defined population 

within a specified period of time (Porta, 2008). It represents a clear picture of the aetiology of the 
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disease and the risk factors in the population. EGFR mutation-positive and negative lung cancer 

represent different patient profiles and are deemed two distinct diseases leading to different 

pathways of management; however, which populations are more affected by and are at a higher risk 

of each of EGFR mutation-positive and negative lung cancer are yet to be determined.  

Being a female, Asian, and a non-smoker are consistently identified as the major risk factors for EGFR 

mutation positivity among tested non-squamous NSCLC patients. It is important to understand these 

risk factors specifically for EGFR mutation-positive and negative lung cancer at the population level. 

Smoking is a well-established risk factor for the development of lung cancer. Specifically, a Japanese 

case-control study, based on the 152 patients with EGFR mutation-positive NSCLC, 283 with EGFR 

mutation-negative NSCLC and 2175 age and sex frequency-matched controls, observed that ever-

smokers had a significantly higher chance of developing EGFR mutation-negative NSCLC compared to 

never-smokers: Odds Ratios 8.75 for males, and 2.36 for females; whereas the association was not 

significant for EGFR mutation-positive NSCLC (Matsuo et al., 2007). While the smoker population is at 

risk of EGFR mutation-negative lung cancer, which is potentially decreasing with smoking cessation 

efforts globally, the non-smoker population may be exposed to the risk of lung cancer that is of EGFR 

mutation-positive.  

Evidence also suggests that ethnicity, in part, plays a role in persistent differences in lung cancer 

incidence. A multi-ethnic cohort study involving five ethnic populations (African Americans, Japanese 

Americans, Latinos, Native Hawaiians, and whites) concluded that variations in smoking history did 

not fully explain the inter-ethnic differences in the risk of lung cancer (Stram et al., 2019). The UK 

Million Women Study involving 1.2 million women, of which about half are never-smokers, also 

observed that non-white ethnicity had a substantially higher incidence of lung cancer compared with 

white ethnicity among never-smokers, RR 2.3 (Pirie et al., 2016). Such differences among ethnic 

populations may indicate different disease aetiologies, for which the association with the specific 

types of lung cancer by EGFR mutation status is to be investigated.  

New Zealand has demonstrated evidence of large disparities in lung cancer among different ethnic 

populations. Lung cancer registration rates were 82.5 per 100,000 population for indigenous Māori 

people versus 23.9 per 100,000 population for non-Māori in 2013, with mortality rates 60.0 versus 

19.7 per 100,000 population, indicating that the indigenous Māori people are at a great disadvantage 

(Ministry of Health, 2016b). High tobacco smoking rates among Māori people (an adjusted smoking 

rate ratio of Māori to non-Māori of 2.8) may partly explain the disadvantage in lung cancer. Such 

disparities have persisted over decades and are likely to grow more if such ethnic differences are not 

addressed (Blakely et al., 2006; Ministry of Health, 2016a; National Lung Cancer Working Group, 2011; 
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Shaw et al., 2005). Understanding the risk of EGFR mutation-positive and negative lung cancer in the 

ethnic-specific populations will be fruitful to address the avoidable disparities to a certain extent. 

Although we have ample information on EGFR mutation-positive proportions as discussed in the 

previous section, these estimates need careful interpretation. Low EGFR mutation testing rates reflect 

that only selected patients who are likely to be EGFR mutation-positive are tested for EGFR mutation 

and are therefore associated with a higher EGFR mutation-positive proportion. The New Zealand study 

by Tin Tin et al. (Tin Tin et al., 2018) observed that the increase in testing from 3.7% in 2010 to 64.6% 

in 2014 coincides with a decrease in EGFR mutation-positive proportions among those tested from 

43.8% to 16.8% over the same period (Figure 4.1). This finding is consistent with the systematic review, 

which observed an overall EGFR mutation-positive proportion of 26.8%, ranging among studies from 

4.9% to 78.8% in inverse correlation with the testing rate, based on the 8 single-institution 

retrospective audits, 8 population-based retrospective cohort analyses, and 2 multi-institutional 

cross-sectional practitioner survey (Thi et al., 2020). It suggests that EGFR mutation-positive 

proportions are prone to be overestimated when the testing rates are low and highly selective, and 

the effect of incomplete testing should be considered in estimating the disease risk in the population.  

 

PHARMAC, New Zealand government Pharmaceutical Management Agency; NHC, National Health Committee; EGFR 

mutation testing rates and positive proportions by years were based on the previous New Zealand study of 2701 non-

squamous NSCLC diagnosed during 2010-2015. References: McKeage et al. (2017), Tin Tin et al. (Tin Tin et al., 2018). 

Figure 4.1 Timeline of introduction of EGFR mutation testing guidelines and funding of EGFR-TKI in 

New Zealand, showing EGFR mutation testing rates and positive proportions by years. 

 

It is evident that the aetiology and management pathways are different for lung cancers based on the 

EGFR mutation status, thereby demanding the knowledge of EGFR mutation-positive and negative 

lung cancer incidence in the population for the various reasons as discussed. Therefore, this study will 
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estimate the EGFR mutation-positive and negative lung cancer incidence based on the New Zealand 

data, focusing on specific populations by sex, ethnicity and smoking status, to describe the disease 

burden and provide a better understanding of the risk of these two distinct types of lung cancer in the 

population.  

 

4.2 METHODS  

4.2.1 Study population 

This study used the population-based data of all non-squamous NSCLC patients who were diagnosed 

in northern New Zealand between 1 February 2010 and 31 July 2017, as described in Chapter 3 

(N=3815). The numbers were limited to 3776 in analyses by ethnicity, and to 1855 in analyses by 

smoking status due to missing data. The northern New Zealand resident population was obtained from 

the 2013 New Zealand census data (Statistics New Zealand, 2013). The WHO world standard 

population (Ahmad et al., 2001) was used to age-standardise the incidence rates. The detailed 

numbers of the resident population and WHO standard population were presented in the 

supplementary tables of the published article, attached in Section 4.3.  

4.2.2 Estimation of incidence rates 

The crude and age-specific incidence rates were estimated to report the incidence rates of the patient 

cohort overall and by specific age groups. The age-standardised incidence rates (ASRs) using the WHO 

world standard population were calculated to compare the disease rates between different groups. 

These incidence rates were also adjusted for incomplete testing as incomplete testing may bias 

estimates of disease incidence within a given population. The incidence rates were estimated 

separately for EGFR mutation-positive and EGFR mutation-negative diseases; for the cohort as a whole 

and for subgroups of patients by sex, ethnicity and smoking status. The analyses were performed with 

Stata 16 and Microsoft Excel 2016. 

The age-specific incidence rates, age-standardised rates (ASRs) and the 95% confidence intervals (CIs) 

of ASRs and standardised incidence ratios (SIRs) were calculated using the methods published by Boyle 

& Parkin (1991) as follows.  
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For age-specific rate:  

𝑎𝑖 =
𝑟𝑖

𝑛𝑖
× 100 000    ; 

For age-standardised rate: 

𝐴𝑆𝑅 =
∑ 𝑎𝑖𝑤𝑖

𝐴
𝑖=1

∑ 𝑤𝑖
𝐴
𝑖=1

        ;  𝑎𝑛𝑑 

For 95%CI of ASR: 

𝐴𝑆𝑅 ± 𝑍 × (𝑠. 𝑒. (𝐴𝑆𝑅)) 

𝑠. 𝑒. (𝐴𝑆𝑅) = √𝑉𝑎𝑟(𝐴𝑆𝑅) 

𝑉𝑎𝑟(𝐴𝑆𝑅) =
∑ [

𝑎𝑖𝑤𝑖
2(100000)

𝑛𝑖
]𝐴

𝑖=1

(∑ 𝑤𝑖
𝐴
𝑖=1 )2  , where 

 

𝑖= age class index 

𝑎𝑖= age specific rate 

𝑟𝑖= the number of cases in the 𝑖th age class 

𝑛𝑖= person-years in the 𝑖th age class 

𝑍= 1.96 

𝐴= number of age groups 

𝑤𝑖= WHO world standard population in the 𝑖th age class 

 

For standardised incidence ratio: 

𝑆𝐼𝑅 =
𝐴𝑆𝑅1

𝐴𝑆𝑅2
        ;  𝑎𝑛𝑑 

For 95%CI of SIR:  

𝐿𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 = (
𝐴𝑆𝑅1

𝐴𝑆𝑅2
)1−(

𝑍
𝑋

) 

𝑈𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 = (
𝐴𝑆𝑅1

𝐴𝑆𝑅2
)1+(

𝑍
𝑋

) 
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𝑋 =
𝐴𝑆𝑅1 − 𝐴𝑆𝑅2

√𝑠. 𝑒(𝐴𝑆𝑅1)2 + 𝑠. 𝑒. (𝐴𝑆𝑅2)2
        , 𝑤ℎ𝑒𝑟𝑒 

𝐴𝑆𝑅 = age standardised rate 

Z = 1.96 

 

The corrected incidence rates (the incidence rates adjusted for incomplete testing) were estimated 

using the following equation published in the previous study (Tin Tin et al., 2018). The equation used 

a log-linear model to correlate the EGFR mutation testing rates and EGFR mutation prevalence over 

ten periods (i.e. six years from Jan 2010 to Dec 2015). Their study cohort was part of the patient cohort 

in the current study, only up to Dec 2015; therefore, it is deemed relevant to use the equation in the 

current study although it has not been validated further. 

𝑚1 =  𝑒 ln(𝑚) – 0.994 × (1−𝑡) , where 

m1 = estimated proportion of EGFR mutation-positive cases if all patients were tested, 

m = observed proportion of EGFR mutation-positive cases in tested patients, 

t = proportion of patients tested.  

 

4.3 PUBLISHED PAPER 

The findings of this study have been published as an original research article titled, “Population-based 

incidence rates and increased risk of EGFR mutated non-small cell lung cancer in Māori and Pacifica in 

New Zealand” in PLOS ONE in 2021, 16(5):e0251357. PLOS ONE is an open access, peer-reviewed 

journal that publishes multidisciplinary research articles covering the areas of science, engineering, 

medicine, and the related social sciences and humanities. The journal has an impact factor of 2.740 in 

2019. This section presents the unaltered version of the published paper.  

 

 



RESEARCH ARTICLE

Population-based incidence rates and
increased risk of EGFRmutated non-small cell
lung cancer inM ori and Pacifica in New
Zealand

Phyu Sin AyeID1 , Mark JamesMcKeage2,3, Sandar Tin Tin1, Prashannata Khwaounjoo2, J
Mark Elwood1

1 Epidemiology and Biostatistics, University of Auckland, Auckland, New Zealand, 2 Pharmacology and
Clinical Pharmacology, University of Auckland, Auckland, New Zealand, 3 Auckland Cancer Society
Research Centre, University of Auckland, Auckland, New Zealand

* p.aye@auckland.ac.nz

Abstract

Background
Non-squamous non-small cell lung cancer (NSCLC) patients with Epidermal Growth Factor

Receptor (EGFR) mutation benefit from targeted treatments. Previous studies reported

EGFRmutation-positive proportions among tested non-squamous NSCLC patients. How-

ever, incidence rates and population risk of EGFRmutation-positive and EGFRmutation-

negative non-squamous NSCLC have not been assessed. This study therefore aimed to

estimate the population-based incidence rates of EGFRmutation-positive and EGFRmuta-

tion-negative non-squamous NSCLC in different population groups defined by sex, ethnic

group and smoking status.

Methods
This study included data from all non-squamous NSCLC patients diagnosed in northern

New Zealand between 1/02/2010 and 31/07/2017 (N = 3815), obtained from a population-

based cancer registry. Age-specific incidence rates, WHO age-standardised rates (ASRs)

and rates adjusted for incomplete testing were calculated for EGFRmutation-positive and

EGFRmutation-negative diseases for the study cohort as a whole and subgroups of

patients.

Results
Among 3815 patients, 45% were tested for EGFRmutations; 22.5% of those tested were

EGFRmutation-positive. The ASR of EGFRmutation-positive NSCLC was 5.05 (95%CI

4.71–5.39) per 100,000 person-years. ASRs for EGFRmutation-positive NSCLC were

higher for females than males: standardised incidence ratio (SIR) 1.50 (1.31–1.73); higher

for Pacifica, Asians and M ori compared with New Zealand Europeans: SIRs 3.47 (2.48–

4.85), 3.35 (2.62–4.28), and 2.02 (1.43–2.87), respectively; and, only slightly increased in
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ever-smokers compared with never-smokers: SIR 1.25 (1.02–1.53). In contrast, the ASR of

EGFRmutation-negative NSCLC was 17.39 (16.75–18.02) per 100,000 person-years,

showing a strong association with smoking; was higher for men; highest for M ori, followed

by Pacifica and then New Zealand Europeans, and lowest for Asians. When corrected for

incomplete testing, SIRs by sex, ethnicity and smoking, for both diseases, remained similar

to those based on tested patients.

Conclusion
The population risk of EGFRmutation-positive NSCLC was significantly higher for M ori

and Pacifica compared with New Zealand Europeans.

Introduction
Lung cancer was the most common cancer for both sexes globally, accounting for 11.6% of

total cancer incidence in 2018 [1]. In New Zealand, it contributed 8.4% of total cancer inci-

dence in 2017, showing an age-standardised rate of 27.8 cases per 100,000 population [2].

Lung cancer, according to pathology, can be classified into two main groups: non-small cell

lung cancer (NSCLC) and small cell lung cancer, accounting for 85% and 15%, respectively

[3]. Squamous NSCLCs contribute about 25–30% of all lung cancers; the remaining non-squa-

mous NSCLCs comprise adenocarcinoma, large-cell carcinoma, and NSCLC not otherwise

specified (NOS). Non-squamous NSCLCs may harbour targetable mutations which define dif-

ferent subtypes of lung cancer with different aetiologies, molecular pathology, personalised

treatment pathways and disease prognosis [4].

A significant advance in personalised treatment for NSCLC patients was the identification

of lung cancers with Epidermal Growth Factor Receptor (EGFR) gene mutations [5], which

benefit from targeted treatments with EGFR tyrosine kinase inhibitors (TKIs) such as gefitinib,

erlotinib and osimertinib [6,7], with significantly prolonged progression-free survival com-

pared to standard chemotherapy [8]. With the approval of the use of EGFR-TKIs in EGFR
mutation-positive lung cancer patients, EGFRmutation testing is generally recommended to

non-squamous NSCLC patients [9–13].

Most previous studies of EGFRmutation-positive lung cancer have reported the proportion

of patients with EGFRmutations among the tested patients. Such EGFRmutation-positive pro-

portions vary widely from 10% to 51% in non-squamous NSCLC patients depending on sex,

ethnicity and smoking status [14–16]. A systematic review covering 151 worldwide studies

published up to 2014 observed that the EGFRmutation-positive proportion was reported as

highest in the Asia-Pacific region (China, Hong Kong, Japan, Korea and Taiwan) and lowest

in Oceania (Australia)– 47% versus 12% [16]. Specifically, the EGFRmutation-positive propor-

tions were 60% in women and 37% in men, and 64% in never-smokers and 33% in ever-smok-

ers as in the Asia-Pacific subgroup [16].

Despite the various reports on EGFRmutation-positive proportions, it is difficult to esti-

mate the actual disease burden as most studies are not population-based, so little is known

about the incidence rates of EGFRmutation-positive and negative non-squamous NSCLC in

the general population and in subgroups. This population-based study therefore aimed to esti-

mate the population-based incidence rates of EGFRmutation-positive and EGFRmutation-

negative non-squamous NSCLC in different population groups defined by age, sex, ethnic
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group—especially the indigenous Māori people and Pacific peoples, and smoking status, based

on northern New Zealand data.

Materials andmethods

Study population

This study used the data of all patients who presented with non-squamous NSCLC in northern

New Zealand, which comprises Northland, Waitemata, Auckland and Counties Manukau,

contributing approximately 40% of New Zealand population, between 1 February 2010 and

31 July 2017 (N = 3815). We previously reported on the EGFRmutation testing [17,18] and

developed a predictive model to estimate the EGFRmutation status [19] using this study

cohort. In this study, we expanded the analysis to include population data to estimate the pop-

ulation-based EGFRmutation-positive and EGFRmutation-negative non-squamous NSCLC

incidence.

Eligible patients were identified from the New Zealand Cancer Registry (NZCR), which is a

well-established legally-mandated population-based cancer registry that registers all primary

cancers diagnosed in New Zealand, excluding squamous and basal cell skin cancers [20]. Infor-

mation on the following patient background characteristics was extracted from the NZCR:

National Health Index (NHI) number, district health board (DHB) of residence, date of birth,

date of diagnosis, gender, ethnicity and smoking status. These data were linked, using the

NHIs, to individual patient medical records to obtain more information on smoking status,

and to TestSafe to obtain information on EGFRmutation status. TestSafe is a clinical informa-

tion sharing service in northern New Zealand that compiles the laboratory and radiology

results and reports from DHB and community facilities [21].

EGFRmutations were detected by the Roche Cobas1 real-time PCR [22] or Agena Mas-

sARRAY OncoFOCUS™ [23] tests, which were validated previously [24]. We categorised all

the diagnosed EGFRmutations as EGFR(+) in the analysis regardless of their sensitivity to

EGFR-TKIs [25]; these included G719X and E709A in exon 18, exon 19 deletions, R776C,

S768I, T790M and insertions in exon 20, L858R and L861Q in exon 21, detected alone or in

combination (S3 Table). A majority of EGFR mutations (exon 19 deletion and exon 21 L858R;

80.5%) are sensitive to EGFR-TKIs (S3 Table). With rapidly advancing research, newer genera-

tions of EGFR-TKIs are emerging that can target those EGFR mutations currently known to

be resistant. Therefore, in our current study, we included all EGFR mutations regardless of the

sensitivity to EGFR-TKIs.

The ethical approval for this research was obtained from the New Zealand Government

Ministry of Health Northern B Health and Disability Ethics Committee (reference: 13/NTB/

165/AM02). This research used routinely collected data and did not involve direct contact

with patients. The human participants in this retrospective study were not required to

give informed consent because informed consent was considered impractical and undesir-

able by both the researchers and by the ethics committee and governance groups who

approved the study. Individual patient-level data were provided from various sources to the

researchers without anonymization. These data were then compiled into a study database

that included several direct and indirect identifiers. The ethical and legal requirements

of the Ministry of Health for maintaining confidentiality and privacy of the study partici-

pants were met by limiting access to the study database to the healthcare professionals and

research staff who were directly involved in the project and sharing only aggregate and dei-

dentified data.
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Data analysis

The analyses were based on the total of 3815 non-squamous NSCLC patients, limited to 3776

in analyses by ethnicity, and to 1855 in analyses by smoking status due to missing data. The

smoking status was grouped into never-smokers and ever-smokers; the latter comprises cur-

rent smokers and former smokers. The ethnic groups were categorised as New Zealand Euro-

pean, Māori, Pacific and Asian according to the New Zealand national collections [26].

Within each sex, ethnicity, smoking status group and 10-year age group, the proportion of

EGFR mutation-positive non-squamous NSCLC among tested patients was multiplied by the

annual numbers of non-squamous NSCLC to estimate the annual numbers of EGFR muta-

tion-positive cases. These numbers of EGFR mutation-positive cases were then divided by the

appropriate northern New Zealand population using the 2013 New Zealand census data (S2

Table) to estimate population-based incidence rates, reported annual numbers per 100,000

population (i.e. per 100,000 person-years).

The incidence rates were presented as crude rates, age-specific rates and age-standardised

rates (ASRs) using the WHO world standard population [27] (S1 Table) based on the tested

patient proportions. The incidence rates were also corrected for incomplete testing using the

formula published in our previous research article [18]. The ASRs between groups were com-

pared by means of Standardised Incidence Ratios (SIRs). The definitions of the estimates and

formulas are depicted below. The results were reported in groups specified by gender, ethnicity

and smoking status. The data analyses were conducted using Stata 16 and Microsoft Excel.

Tested proportions (%): are the numbers of those tested for EGFRmutation among all non-

squamous NSCLC cases, shown in per cent.

EGFR mutation-positive proportions (%): are the number of EGFRmutation-positive

patients divided by the total number of tested patients, shown in per cent.

Crude and age-specific EGFR mutation-positive incidence rates: are the annual number of

EGFRmutation-positive non-squamous NSCLC per 100,000 population, where crude rates are

overall rates and the rates in each age group are age-specific rates. The resident population was

obtained from the 2013 New Zealand census data [28].

Age-standardised EGFR mutation-positive incidence rates (ASRs): are the EGFRmuta-

tion-positive non-squamous NSCLC incidence rates that are age-standardised using the WHO

world standard population [27] (S1 Table). It was calculated as the sum of the product of age-

specific EGFRmutation-positive incidence andWHO standard population proportions in the

respective age groups, divided by the total WHO standard population.

Standardised incidence ratios (SIRs): are the ratios of two age-standardised incidence rates

(ASRs). The 95% confidence intervals (CIs) of ASRs and SIRs were calculated using the meth-

ods published by Boyle & Parkin (1991) [29].

EGFR mutation-negative incidence rates: were obtained by applying the same concepts of

incidence rate calculations for the EGFRmutation-positive disease to the EGFRmutation-neg-

ative disease. However, we only presented age-standardised incidence rates (ASRs) for EGFR
mutation-negative disease, without crude rates, in this study.

Uncorrected incidence rates (crude or ASRs): are those calculated based on the actual tested

proportions.

Corrected incidence rates (crude or ASRs): refer to those estimated based on 100% testing

(i.e. if all non-squamous NSCLC patients were tested for EGFRmutation) using the following

formula published in our previous study [18].

m1 ¼ elnðmÞ�0:994�ð1�tÞ;

where
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m1 = estimated proportion of EGFRmutation-positive cases if all patients were tested,

m = observed proportion of EGFRmutation-positive cases in tested patients, and

t = proportion of patients tested.

Results
This study included 3815 non-squamous NSCLC patients in total (Table 1). The patients were

predominantly 60–79 years old (2237/3815, 58.6%), females (1950/3815, 51.1%), of New Zea-

land European ethnic group (2335/3776, 61.8%), and ever-smokers (1380/1855, 74.4%). About

45% (n = 1709) of the total 3815 patients had EGFRmutation testing. Specifically, EGFRmuta-

tions was more often tested for younger patients– 15–39 years (82.1%) and 40–59 years (57%);

females (49.1%); and Asians (61.3%). Smoking data were mostly available for tested patients;

thus, a majority of patients in both smoking groups were tested patients (ever-smokers 90.8%

and never-smokers 89.7%).

EGFRmutation-positive proportions

Among those tested, 22.5% (384 patients) were EGFRmutation-positive, being higher in

females (27.3%) and never-smokers (49.8%) compared to their counterparts (Table 1). Among

ethnic groups, Asians had the highest proportion (51.8%), followed by Pacifica (29%) and New

Zealand Europeans (16.5%), with Māori having the lowest proportion (10.9%). The EGFR
mutation-positive proportions varied with age, ranging from 18.4% in 60–69 years to 37% in

Table 1. Numbers of non-squamous NSCLC patients, patients tested for EGFRmutations, and EGFRmutation-
positive patients shown by age, gender, ethnicity and smoking status in northern New Zealand, between 1 Febru-
ary 2010 and 31 July 2017.

Non-squamous NSCLC Tested EGFR(+)
N N (%) N (%) among tested

Overall 3815 1709 (44.8) 384 (22.5)

Age

15–29 6 5 (83.3) 1 (20.0)

30–39 22 18 (81.8) 4 (22.2)

40–49 152 92 (60.5) 34 (37.0)

50–59 513 287 (55.9) 66 (23.0)

60–69 1068 538 (50.4) 99 (18.4)

70–79 1169 575 (49.2) 135 (23.5)

80+ 885 194 (21.9) 45 (23.2)

Gender

Male 1865 752 (40.3) 123 (16.4)

Female 1950 957 (49.1) 261 (27.3)

Ethnicity

NZ European 2335 1006 (43.1) 166 (16.5)

Māori 643 248 (38.6) 27 (10.9)

Pacific 392 183 (46.7) 53 (29.0)

Asian 406 249 (61.3) 129 (51.8)

Smoking status

Never-smoker 475 426 (89.7) 212 (49.8)

Ever-smoker 1380 1253 (90.8) 166 (13.2)

Total 3815 non-squamous NSCLC; limited to 3776 in analyses by ethnicity; and limited to 1855 in analyses by

smoking status due to missing data. Ever-smokers comprise current smokers and former smokers.

https://doi.org/10.1371/journal.pone.0251357.t001
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40–49 years (Table 1). However, it was unclear from these EGFRmutation-positive proportion

values how the trends relate to the incidence rates of EGFRmutation-positive or negative dis-

ease. For example, Māori may have had a lower proportion of EGFRmutation-positive cancers

because of a higher incidence of EGFRmutation-negative disease, a lower incidence of EGFR
mutation-positive disease or both.

Total and age-specific incidence rates by EGFRmutation status

Incidence rates were then calculated separately for EGFRmutation-positive and EGFR nega-

tive disease based on the tested proportions.

The crude all-ages incidence rate of EGFRmutation-positive disease was 9.14 (95% Confi-

dence Interval (95%CI) 8.9–9.4) per 100,000 person-years. The age-specific rates increased

with age, ranging from 0.05 (95%CI 0.02–0.08) in the youngest 15–29 years group to 58.56

(95%CI 55.64–61.49) per 100,000 person-years in the oldest 80+ years group (Fig 1).

The crude all-ages incidence rate of EGFRmutation-negative disease was 31.6 (95%CI

31.2–32.0) per 100,000 person-years. The age-specific rates showed a similar increase with age

as mutation-positive disease, ranging from 0.19 (95%CI 0.13–0.25) in the youngest 15–29

years group to 193.9 (95%CI 188.6–199.23) per 100,000 person-years in the oldest 80+ years

group (Fig 1).

Age-standardised incidence rates by EGFRmutation status

To compare rates of disease between different groups, age-standardised incidence rates were

calculated. The WHO standard population has larger numbers in younger age groups and

fewer in older age groups compared to the population of a developed country like New Zea-

land (S1 & S2 Tables). Thus, for lung cancer where the incidence rates are much higher in

older age groups, the WHO age-standardised incidence rates are considerably lower than

actual incidence rates. The age distribution also varies by population subgroups. For exam-

ple, Maori and Pacifica has younger age distribution compared to New Zealand Europeans.

Therefore, differences between crude rates and ASR were more pronounced for New Zea-

land Europeans.

Based on tested proportions, the age-standardised incidence rate (ASR) of total non-squa-

mous NSCLC was 22.4 per 100,000 person-years. The ASR for EGFRmutation-positive

NSCLC was 5.05 (95%CI 4.71–5.39) per 100,000 person-years (Table 2). The ASR for EGFR

Fig 1. Age-specific incidence rates (cases per 100,000 person-years) of non-squamous non-small cell lung cancer
by EGFRmutation status, estimated based on the EGFRmutation tested proportions, shown in age groups. The
vertical error bars represent 95% confidence intervals of incidence rates.

https://doi.org/10.1371/journal.pone.0251357.g001
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mutation-positive NSCLC was higher for females than males: standardised incidence ratio

(SIR) 1.50 (95%CI 1.31–1.73). Incidence rates were higher for Pacifica, Asians and Māori com-

pared with New Zealand Europeans: SIR for Pacifica 3.47 (95%CI 2.48–4.85), Asians 3.35

(95%CI 2.62–4.28), Māori 2.02 (95%CI 1.43–2.87). The ASR of EGFRmutation-positive

NSCLC was only slightly increased in ever-smokers compared with never-smokers: SIR 1.25

(95%CI 1.02–1.53) (Table 2, Fig 2).

EGFRmutation-negative NSCLC was more common, showing an ASR of 17.4 (95%CI

16.75–18.02) per 100,000 person-years, based on the tested proportions (Table 2). In contrast

to the EGFRmutation-positive disease, the ASR of EGFRmutation-negative NSCLC was lower

in females than males: SIR 0.8 (95%CI 0.75–0.87); it was lower in Asians compared with New

Zealand Europeans: SIR 0.68 (95%CI 0.6–0.78), but much higher in Māori: SIR 3.53 (95%CI

3.04–4.11) and higher in Pacifica: SIR 1.88 (95%CI 1.6–2.2). These ASR trends of EGFRmuta-

tion-negative lung cancer corresponded to the proportions of ever-smokers in those ethnic

subgroups, except for Pacifica versus New Zealand Europeans (S2 Table). The ASR was much

higher in ever-smokers compared with never-smokers: SIR 7.9 (95%CI 6.88–9.11) (Table 2,

Fig 2).

To assess consistency over time, SIR’s by sex, ethnicity and smoking were assessed sepa-

rately for the earlier period 2010–13 (n = 1864) and for the later period 2014–17 (n = 1951).

The results were not substantially changed and all confidence limits overlapped; the SIRs for

the whole time period presented here are similar to those restricted to the later time period.

Table 2. Incidence rates of non-squamous non-small cell lung cancer by EGFRmutation status, showing the estimates based on the EGFRmutation tested
proportions.

EGFR(+) crude incidence
(95% CI)

Overall NSCLC ASR
(95%CI)

EGFR(+)
proportion

EGFR(+) EGFR(-)
ASR (95%CI) SIR (95%CI) ASR (95%CI) SIR (95%CI)

Overall 9.14 (8.92–9.36) 22.44 (21.72–23.16) 22.5 5.05 (4.71–
5.39)

- 17.39 (16.75–
18.02)

-

Gender

Male 7.00 (6.72–7.28) 23.56 (22.48–24.63) 16.4 3.95 (3.51–
4.39)

1 19.61 (18.63–
20.59)

1

Female 10.79 (10.46–11.13) 21.81 (20.83–22.79) 27.3 5.93 (5.42–
6.45)

1.50 (1.31–
1.73)

15.88 (15.04–
16.72)

0.81 (0.75–
0.87)

Ethnicity

NZ
European

7.54 (7.28–7.81) 18.54 (17.77–19.32) 16.5 3.16 (2.84–
3.48)

1 15.38 (14.68–
16.09)

1

Māori 7.13 (6.51–7.75) 60.73 (55.89–65.58) 10.9 6.40 (4.83–
7.97)

2.02 (1.43–
2.87)

54.34 (49.75–
58.92)

3.53 (3.04–
4.11)

Pacific 11.32 (10.54–12.09) 39.84 (35.84–43.84) 29.0 10.95 (8.88–
13.03)

3.47 (2.48–
4.85)

28.88 (25.47–
32.30)

1.88 (1.60–
2.21)

Asian 11.11 (10.56–11.66) 21.04 (18.94–23.15) 51.8 10.57 (9.10–
12.05)

3.35 (2.62–
4.28)

10.47 (8.96–
11.97)

0.68 (0.60–
0.78)

Smoking status

Never-
smoker

4.23 (4.03–4.43) 5.30 (4.82–5.78) 49.8 2.64 (2.30–
2.98)

1 2.66 (2.32–3.00) 1

Ever-smoker 6.48 (6.14–6.82) 24.35 (23.06–25.64) 13.2 3.31 (2.82–
3.79)

1.25 (1.02–
1.53)

21.04 (19.84–
22.24)

7.92 (6.88–
9.11)

ASR = Age-standardised incidence rates, cases per 100,000 person-years; SIR = standardised incidence ratio. Age standardised rates are based on WHO world standard

population. Analysis is based on total 3815 non-squamous NSCLC; limited to 3776 in analyses by ethnicity; and limited to 1855 in analyses by smoking status due to

missing data. Ever-smokers comprise current smokers and former smokers.

https://doi.org/10.1371/journal.pone.0251357.t002
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EGFRmutation-specific incidence rates corrected for incomplete testing

Incomplete testing may bias estimates of disease incidence within a given population [18].

When corrected for incomplete testing, the corrected EGFRmutation-positive incidence rates

were generally somewhat lower compared to the respective uncorrected rates (Table 3). The

age-specific incidence rates of EGFRmutation-positive NSCLC increased with age up to 70–79

years: 27.2 (95%CI 25.7–28.7) per 100,000 person-years (S1 Fig). The standardised incidence

Fig 2. Age standardised incidence rates of non-squamous NSCLC (based on the EGFRmutation tested proportions) in terms
of EGFRmutation status categorised by gender, ethnicity and smoking status. Age standardised rates represent cases per
100,000 person-years and are based onWHOworld standard population. Analysis based on total 3815 non-squamous NSCLC;
limited to 3776 in analyses by ethnicity; and limited to 1855 in analyses by smoking status due to missing data. Ever-smokers
comprised current smokers and former smokers. The vertical error bars represent 95% confidence intervals of incidence rates.

https://doi.org/10.1371/journal.pone.0251357.g002

Table 3. Incidence rates of non-squamous non-small cell lung cancer by EGFRmutation status, showing the estimates for 100% testing.

EGFR(+) crude incidence
(95%CI)

Overall NSCLC ASR (95%
CI)

EGFR(+)
proportion

EGFR(+) EGFR(-)
ASR (95%CI) SIR (95%CI) ASR (95%CI) SIR (95%CI)

Overall 5.33 (5.16–5.50) 22.44 (21.72–23.16) 13.0 3.00 (2.74–
3.27)

- 19.43 (18.77–
20.10)

-

Gender

Male 3.86 (3.65–4.07) 23.56 (22.48–24.63) 9.0 2.20 (1.87–
2.53)

1 21.36 (20.34–
22.38)

1

Female 6.59 (6.33–6.85) 21.81 (20.83–22.79) 16.4 3.71 (3.30–
4.12)

1.69 (1.41–
2.02)

18.10 (17.21–
18.99)

0.85 (0.79–
0.91)

Ethnicity

NZ
European

4.22 (4.02–4.42) 18.54 (17.77–19.32) 9.4 1.84 (1.59–
2.08)

1 16.70 (15.97–
17.44)

1

Māori 3.97 (3.51–4.44) 60.73 (55.89–65.58) 5.9 3.47 (2.33–
4.61)

1.89 (1.20–
2.97)

57.26 (52.56–
61.97)

3.43 (2.97–
3.96)

Pacific 6.81 (6.21–7.41) 39.84 (35.84–43.84) 17.0 6.46 (4.88–
8.03)

3.51 (2.28–
5.42)

33.38 (29.71–
37.06)

2.00 (1.71–
2.33)

Asian 7.65 (7.19–8.11) 21.04 (18.94–23.15) 35.3 7.17 (5.97–
8.37)

3.90 (2.85–
5.34)

13.87 (12.14–
15.60)

0.83 (0.73–
0.94)

Smoking status

Never-
smoker

3.82 (3.63–4.00) 5.30 (4.82–5.78) 44.9 2.38 (2.06–
2.70)

1 2.92 (2.56–3.28) 1

Ever-smoker 5.89 (5.57–6.22) 24.35 (23.06–25.64) 12.1 3.00 (2.54–
3.46)

1.26 (1.02–
1.55)

21.35 (20.14–
22.56)

7.31 (6.38–
8.38)

ASR = age-standardised incidence rates, cases per 100,000 person-years; SIR = standardised incidence ratio. Age standardised rates are based onWHO world standard

population. Analysis is based on total 3815 non-squamous NSCLC; limited to 3776 in analyses by ethnicity; and limited to 1855 in analyses by smoking status due to

missing data. Ever-smokers comprise current smokers and former smokers.

https://doi.org/10.1371/journal.pone.0251357.t003
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ratios by sex, ethnicity and smoking, for both EGFRmutation-positive and EGFRmutation-

negative diseases, were similar (and in no instance significantly different) to the ratios of

uncorrected rates already shown (Table 3).

Discussion
We estimated the population-based incidence rates of EGFRmutation-positive and EGFR
mutation-negative non-squamous NSCLC based on all 3815 patients registered over 7.5 years.

The age-standardised incidence rate (ASR) of non-squamous NSCLC was 22.4 cases per

100,000 person-years overall, 5.1 and 17.4 per 100,000 person-years for EGFR-positive and
-negative disease, respectively, based on the tested proportions. The age-standardised inci-

dence rates of EGFRmutation-positive disease were higher in women (SIR 1.5); highest in

Pacific and Asian populations (SIRs 3.5, 3.4), followed by Māori (SIR 2.0), and lowest in New

Zealand Europeans, all these associations being statistically significant. The ASR of EGFR
mutation-positive disease was only slightly higher in ever-smokers than never-smokers (SIR

1.25). These associations were not influenced by effects in the earlier time period where testing

was less frequent.

This study revealed that assessing the risk of EGFRmutation-positive lung cancer just by

EGFRmutation-positive proportions in tested patients [14–16], ignoring underlying popula-

tion incidence, can be misleading. Based only on the EGFRmutation-positive proportions, it

appeared that being Māori was of lower risk and being Pacific was of higher risk but not as
much as Asians, compared with New Zealand Europeans. On the contrary, the population-

based incidence rates showed that Māori had approximately two times increased risk, and

Pacifica and Asians had approximately 3.5 times increased risk for EGFRmutation-positive

lung cancer compared with New Zealand Europeans.

The age-standardised incidence rates of EGFRmutation-positive NSCLC were close to or

higher than those of many common cancers in New Zealand, such as cancers of stomach (5.3

cases per 100,000 population), brain (5.4), thyroid (5.8), cervix (6.1), ovary (6.6), testis (7.5),

kidney (7.9), and leukaemia (10.2) based on 2017 diagnoses [2].

This study showed contrasting patterns of incidence rates between EGFRmutation-positive

and negative non-squamous NSCLC. It suggests that the two diseases have different risk fac-

tors, in addition to having different management pathways. The majority group, with EGFR
mutation-negative accounting for 77.5% of the total, was strongly associated with smoking,

more common in men than women, and had the highest incidence in Māori, followed by

Pacific peoples, the New Zealand European population, and then was lowest in people of

Asian ethnicity. Most of these findings of EGFRmutation-negative group contradict those of

EGFRmutation-positive group. These results are generally consistent with those of major

reviews, which concluded that EGFRmutations and smoking had independent effects on lung

cancer, and that EGFRmutations were more common in Asians, females, and never-smokers

[16,30–33]. Smoking is a predominant risk factor of lung cancer; yet, lung cancer incidence in

never-smokers is also evident [34]. Studies suggested that persistent differences in lung cancer

incidence among different ethnic populations were not entirely explained by variations in

smoking history [35–37], for which, EGFRmutation-positive lung cancer exemplifies [38].

Some studies claimed that interethnic genetic variations may play a role in EGFRmutation

positivity [39,40]. Current understanding of the aetiology of lung cancer, and health policies

and practices for its prevention and early detection, are based almost solely on risk factors for

smoking-related lung cancer. A better understanding of the risk factors for EGFRmutation-

positive lung cancer will be required to identify its causes and to develop public health strate-

gies for its prevention and early detection.
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Every population-based study of EGFRmutation testing has shown incomplete testing [41].

Evidence showed that testing tends to be selective due to multiple reasons, including limited

testing facilities, high costs and insufficient tissue samples [17,18,41–43]. Patients with a higher

chance of EGFRmutation positivity were therefore more likely to be offered testing, resulting

in high EGFRmutation-positive proportions in the tested proportion. This was seen in this

study. We and others have previously shown that as the proportions of all NSCLC cases tested

has increased over time, the reported EGFRmutation-positive proportions have decreased

[17,18]. We showed that in this northern New Zealand area, the EGFRmutation-positive pro-

portions decreased from 43.8% to 16.8% in parallel with increased testing rates from 3.7% to

64.6% over the period of 2010–2014 [17,18]. If testing were complete rather than selective, the

true proportions of mutations would be lower. We addressed this issue to reflect the true popu-

lation incidence by estimating the corrected incidence rates, using a nonlinear regression

equation, which assumes a decrease in EGFRmutation-positive proportion with an increase in

testing, derived from our previous work [18]. This changed the estimated incidence rates sub-

stantially, but importantly, made little difference to the associations with sex, ethnicity and

smoking that we reported. The largest effect was in the SIR for Asians for EGFRmutation-pos-

itive disease, increased by the correction for incomplete testing.

The key advantage of our study was the use of a large population-based dataset covering 7.5

years, obtained from the robust national data sources. This study was also the first to report

the incidence of EGFRmutation-specific lung cancer in Māori and Pacifica, the populations of
interest in New Zealand, revealing that these populations had increased risk of developing

EGFRmutation-positive lung cancer, as seen for lung cancer overall [44–47]. Our study also

had limitations. This study used the retrospective data and therefore the analyses were limited

to the information that had been collected. Smoking data was missing for a significant propor-

tion of patients, particularly those who were untested for EGFRmutation. It resulted in a

smaller room for correction for incomplete testing in estimating the incidence rates by smok-

ing status. More detailed information, for example, pack-years, which is the product of the

number of cigarette packs smoked per day and the number of years smoked [48], may be use-

ful for future research as smoking is a major risk factor [49] and is also related to EGFRmuta-

tion positivity [14]. In this analysis of population-based incidence rates, the available numbers

did not permit the results for each factor to be adjusted for other factors, but in the previous

analysis, we have used multivariable methods and demonstrated that the effects of gender, eth-

nicity, and smoking status are independent, and indeed can be combined to predict the muta-

tion status of the cancer [19]. The estimation of the incidence of EGFRmutation-specific

NSCLC can be improved as the testing becomes more complete in the future.

Conclusions
The population-based incidence rates provide a more complete assessment of the risk of EGFR
mutation-positive lung cancer than do the EGFRmutation-positive proportions. The ASRs of

EGFRmutation-positive NSCLC were about 3.5 folds higher for Pacifica and Asians, and two

folds higher for Māori compared with New Zealand Europeans.
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Supplementary tables and figures 

Table S1. WHO world standard population 

Age group Population 
15-29 246200 
30-39 147600 
40-49 126300 
50-59 99200 
60-69 66800 
70-79 37300 
80+ 15450 
Total 1000350 

Reference: Ahmad OB, Boschi-pinto C, Lopez AD. Age standardization of rates: a new WHO standard. GPE 

Discuss Pap Ser. 2001;(31):1-14. 
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Table S2. Numbers of resident population, shown by smoking status, based on 2013 New Zealand census 

data. 

  Total  Never-smoker  Ever-smoker  
    N N (%) N (%) 

Overall 1250028 746328 (59.7) 378318 (30.3) 
Age  

15-29 336897 230127 (68.3) 68895 (20.4) 

 30-39 210309 123930 (58.9) 66669 (31.7) 

 40-49 231687 133851 (57.8) 76494 (33.0) 

 50-59 198786 108414 (54.5) 71340 (35.9) 

 60-69 144297 77415 (53.6) 52977 (36.7) 

 70-79 81291 45570 (56.1) 27864 (34.3) 

 80+ 46761 27021 (57.8) 14079 (30.1) 
Gender  

Male 598452 335676 (56.1) 201441 (33.7) 

 Female 651573 410646 (63.0) 176889 (27.1) 
Ethnicity  

NZ European 724995 435231 (60.0) 264264 (36.5) 

 Māori 126414 54657 (43.2) 64890 (51.3) 

 Pacific 129879 79032 (60.9) 41811 (32.2) 

 Asian 249759 202134 (80.9) 34779 (13.9) 

Reference: Statistics New Zealand. Cigarette smoking behaviour and ethnic group (detailed total responses) 

by age group and sex, for the census usually resident population count aged 15 years and over, 2006 and 

2013 Censuses (DHB areas). NZ.Stat Get data on demand.  

http://nzdotstat.stats.govt.nz/wbos/Index.aspx?DataSetCode=TABLECODE8292. Published 2013. Accessed 

April 22, 2020. 
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Table S3. Different types of EGFR mutation by numbers of patients 

Type of EGFR mutation Number Percent 
Total 384 100.0 

 Exon 19 deletion 170 44.3 

 Exon 21 L858R 139 36.2 

 Exon 20 insertion 33 8.6 

 Exon 18 G719X 15 3.9 

 Exon 18 G719X + Exon 20 S768I 10 2.6 

 Exon 20 S768I 3 0.8 

 Exon 20 S768I + Exon 21 L858R 3 0.8 

 Exon 18 G719X + Exon 18 E709A 2 0.5 

 Exon 21 L858R + Exon 20 T790M 2 0.5 

 Exon 21 L861Q 2 0.5 

 Exon 20 R776C + Exon 21 L858R 1 0.3 

 Exon 18 G719X + Exon 21 L861Q 1 0.3 

 Exon 19 deletion + Exon 20 S768I 1 0.3 

 Exon 19 deletion + Exon 20 T790M 1 0.3 
  Exon 20 T790M 1 0.3 
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Fig S1. Age-specific incidence rates (cases per 100,000 person-years) of non-squamous non-small cell 

lung cancer by EGFR mutation status estimated for 100% testing, shown in age groups. The vertical 

error bars represent 95% confidence intervals of incidence rates. 
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Fig S2. Age standardised incidence rates (estimated for 100% testing) of non-squamous NSCLC in 

terms of EGFR mutation status categorised by gender, ethnicity and smoking status. Age 

standardised rates represent cases per 100,000 person-years and are based on WHO world standard 

population. Analysis based on total 3815 non-squamous NSCLC; limited to 3776 in analyses by 

ethnicity; and limited to 1855 in analyses by smoking status due to missing data. Ever-smokers 

comprised current smokers and former smokers. The vertical error bars represent 95% confidence 

intervals of incidence rates.  
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Chapter 5 

Factors associated with overall survival of non-squamous NSCLC  

defined by EGFR mutation status 

This chapter links to the objective number (3) To investigate the factors associated with overall 

survival of EGFR mutation-specific non-squamous NSCLC. This chapter will set out with the 

background underpinning this study and discuss the methods used in-depth. This study has been 

published in Cancer Epidemiology journal and is presented in Section 5.3 below as the reference to 

the results and discussion. The following background and methods sections add more details to the 

published paper, with some overlaps. 

 

5.1 BACKGROUND  

Cancer survival, the survival of a patient from the time of cancer diagnosis, reflects the progress in 

cancer management (Parkin & Hakulinen, 1991). The approval and use of EGFR-TKI therapies have 

proven to be a contributing factor to a significant improvement in survival of EGFR mutation-

positive NSCLC at the population level over the past decade (Nadia Howlader et al., 2020). Given 

the significance of EGFR mutation in defining the subtypes of lung cancer, leading to different 

treatments and outcomes, it is important to assess the lung cancer survival and its associated 

factors differentially by EGFR mutation status. This section will appreciate the use of different lung 

cancer survival measures and discuss the factors associated with lung cancer survival reported in 

the literature, highlighting the gaps that this study is going to contribute to the current research 

knowledge.  

5.1.1 Lung cancer survival measures 

Lung cancer survival is usually reported in term of progression-free survival (PFS), which is used in 

clinical trials of new treatments; and overall survival, which is used more widely. The PFS is the time 

period that the disease does not relapse during or after the treatment; sometimes PFS is replaced 

with disease-free survival (DFS) being based on the similar concept – as the name implies, DFS refers 

to the survival time without signs and symptoms of the disease after the disease is removed by 

primary surgery (National Cancer Institute, 2020), which is a minority of lung cancer. The overall 

survival is conceptualised as the length of time that the patient survives, usually measured from the 
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time of cancer diagnosis, or sometimes from the treatment start date or the date of randomisation 

in clinical trials (National Cancer Institute, 2020). The overall survival reflects not only the PFS but 

also post-progression survival. While the PFS relies on periodical assessments to detect the disease 

progression during the study follow-up duration, which can be imprecise, the overall survival uses 

death, a definitive event at a precise date (Hess et al., 2019). Thus, the overall survival can be a 

more informative endpoint for disease outcomes. 

Various clinical trials observed benefits in PFS with EGFR-TKI therapy, as discussed in Section 2.3.6 

Effects of EGFR-TKIs on lung cancer outcomes. Additionally, the meta-analysis of seven major 

clinical trials concluded that the PFS was significantly prolonged in patients treated with EGFR-TKIs 

compared to chemotherapy, based on the 1649 NSCLC patients with sensitising EGFR mutations 

(Lee et al., 2015). However, PFS has shown discrepancies with overall survival in both magnitude 

and direction in many studies. It may be due to the effects of crossover and post-trial treatments 

on overall survival (Lee et al., 2013). In a review of a wider scope of 192 studies of cancer 

treatments, which produced 206 pairwise comparisons among targeted and non-targeted therapies 

not limiting to NSCLC and EGFR-TKIs, 19% showed improved PFS but not in overall survival, and 12% 

showed improved overall survival only (Hess et al., 2019). It is suggestive that overall survival 

demonstrates the effects of other clinically important factors, beyond treatment factors.  

5.1.2 Factors associated with lung cancer survival 

The survival outcomes of lung cancer patients can be considered in relation to a variety of factors: 

tumour features such as histology, grade and stage at diagnosis; patient characteristics such as age, 

sex, ethnicity, smoking status and general health (performance status); treatment choices such as 

loco-regional treatment, systemic treatment or targeted treatment; as well as genetic 

characteristics such as EGFR mutation status. Undoubtedly, the stage at diagnosis is the 

predominant determinant of patient overall survival. A major report by the United States SEER 

Program 2010-2017 showed that the 5-year relative survival for patients with the localised disease 

was 59%, whereas those with distant metastasis had very low 5-year relative survival, showing 

5.8%. Also, female patients and younger patients who were diagnosed before 45 years old generally 

survived longer compared with their counterparts (N Howlader et al., 2020).  

Among many studies that investigated the factors affecting the survival of advanced NSCLC 

patients, significant predictors commonly reported are histological type, disease stage, age, 

smoking status and performance status of patients (Balata et al., 2018; Hoang et al., 2005; 

Mandrekar et al., 2006; L. Wang et al., 2019; Zeng et al., 2019; Zhu et al., 2019). Some studies 
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additionally reported associations of patient survival with treatment (Balata et al., 2018; Chen et 

al., 2019); some integrated radiological information such as CT image features (L. Wang et al., 

2019), and haematological information such as white blood cell count and haemoglobin level 

(Mandrekar et al., 2006; L. Wang et al., 2019). Collectively, a systematic review identified 22 

prognostic factors that were used in two or more of the total 16 prognostic models for overall 

survival of advanced NSCLC, published between 1996 and 2015 (Mahar et al., 2015). Of those 22 

prognostic factors, patient performance status, a measure of how able a patient is to perform 

activities of daily living without help, was used most commonly, being included in 10 of those 

models. It was followed by lactate dehydrogenase (LDH) and albumin levels, being used in 7 and 5 

of the prognosis models, respectively.  

Studies also evaluated the impact of EGFR mutation on the disease prognosis. He et al. (2019) 

reviewed 19 studies published up to May 2017, including 4872 resected EGFR-TKI naïve NSCLC cases 

to assess the inherent prognostic impact of EGFR mutation on DFS. They concluded, despite the 

wide heterogeneity of included studies, that EGFR mutation was not a prognostic indicator of NSCLC 

based on the patients with early stage disease. Some studies assessed the predictive values of EGFR 

mutation in treatment with chemotherapeutic agents. In patients treated with frontline platinum-

based chemotherapy, EGFR mutation-positive tumours related to a better PFS compared to EGFR 

mutation-negative tumours (Dong et al., 2013; Fang et al., 2014; Kalikaki et al., 2010). Moreover, 

the response rate of EGFR mutant tumours to second-line chemotherapy remained similar after 

acquiring resistance to EGFR-TKIs in vitro studies (Suda & Mitsudomi, 2015). These studies suggest 

that EGFR mutation plays an important role in predicting outcomes of lung cancer, not limiting to 

ones treated with EGFR-TKIs.  

To my knowledge, only one study in Asia assessed the overall survival of advanced NSCLC 

differentially by EGFR mutation status, based on the 13,043 Taiwanese patients (Chen et al., 2019). 

Their predictive models indicated significant differences in 1-year and 2-year overall survival 

between EGFR mutation-positive and negative groups. Factors that predicted overall survival in 

both groups include age, gender, performance score, stage, number of lymph node detected, 

smoking status, loco-regional treatment such as surgery or radiotherapy, malignant pleural effusion 

and co-existing cardiovascular disease. Of these, the disease stage provided significantly different 

effect estimates (stage IV compared with IIIB: HR 2.12 (95%CI 1.79–2.51) in EGFR(+) model versus 

1.38 (95%CI 1.23–1.55) in EGFR(-) model). Other factors such as first-line systemic treatment (either 

chemotherapy or EGFR-TKI) and co-existing renal disease and heart failure predicted survival in 
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EGFR mutation-positive patients only. In contrast, co-existing chronic pulmonary disease and 

myocardial infarction predicted survival in EGFR mutation-negative NSCLC patients only. 

As discussed, the overall survival and factors affecting it appear to be different between EGFR 

mutation-positive and EGFR mutation-negative NSLCL. However, the evidence to date is limited and 

more understanding of this context is summoned. Therefore, this PhD research assessed the factors 

affecting overall survival comparing EGFR mutation-positive and EGFR mutation-negative non-

squamous NSCLC.  

 

5.2 METHODS  

5.2.1 Study population 

Of the 3815 patients who were diagnosed with non-squamous non-small cell lung cancer (NSCLC) 

in northern New Zealand between 1 February 2010 and 31 July 2017 as described in Chapter 3; 

1534 eligible patients were included in this survival analysis (published paper, Figure 1). Excluded 

were patients diagnosed by death certificate only, autopsy, or an unknown method, or died on the 

same day of diagnosis (n=261); and those not tested for EGFR mutation (n=1861). Of the remaining 

1693 patients, 159 patients (9.4%) with missing data on performance status and smoking 

information were excluded. Of the total 1534 patients included in the analysis, EGFR(-) survival 

models used 1227 (80%) EGFR mutation-negative non-squamous NSCLC cases, and EGFR(+) survival 

models used 307 (20%) EGFR mutation-positive non-squamous NSCLC cases.  

5.2.2 Survival analysis 

The survival time of patients was measured from the date of diagnosis to the date of death for 

those who died, or censored on 31st of May 2018 for alive patients. Censoring is common in survival 

analysis as the study may end before all participants experience the event of interest, and by 

censoring, all the existing information can be used in the analyses. The observed survival of patients 

by EGFR mutation status was demonstrated using Kaplan-Meier survival curves. Factors associated 

with overall survival were assessed using Cox regression survival models. The analyses were 

executed in Stata 16; the corresponding concepts and equations are elaborated below. 
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Kaplan-Meier survival analysis 

The Kaplan-Meier estimate is the probability of surviving in a given length of time, considered in 

small time intervals. The total survival probability up to a time point is obtained by multiplying all 

the survival probabilities of successive intervals until that time point. The survival probability of a 

time interval (𝑆𝑖) is calculated as follows (Altman, 1991; Kishore et al., 2010):  

𝑆𝑖 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑎𝑙𝑖𝑣𝑒 𝑎𝑡 𝑡ℎ𝑒 𝑠𝑡𝑎𝑟𝑡 − 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑑𝑖𝑒𝑑

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑎𝑙𝑖𝑣𝑒 𝑎𝑡 𝑡ℎ𝑒 𝑠𝑡𝑎𝑟𝑡
 

The difference between the two Kaplan-Meier curves is tested statistically using log-rank test. Log-

rank test statistic is calculated using the following equations, and corresponded to the p value using 

the chi-square table (Kishore et al., 2010). 

𝐿𝑜𝑔 − 𝑟𝑎𝑛𝑘 𝑡𝑒𝑠𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 =
(𝑂1−𝐸1)2

𝐸1
+

(𝑂2−𝐸2)2

𝐸2
 , where 

𝑂= observed number of events 

𝐸= expected number of events 

The total expected number of a group is the sum of all expected numbers of that group at each 

time point, where the events occur in either group. The expected number of a group (group 1) at 

an individual time point is calculated using the following equations (Kishore et al., 2010).  

𝐸1 = 𝑅𝑖𝑠𝑘𝑎𝑙𝑙 ∗ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑙𝑖𝑣𝑒𝑑 𝑎𝑡 𝑡ℎ𝑒 𝑠𝑡𝑎𝑟𝑡𝑔𝑟𝑜𝑢𝑝 1 , where 

𝑅𝑖𝑠𝑘𝑎𝑙𝑙 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑑𝑖𝑒𝑑 𝑖𝑛 𝑏𝑜𝑡ℎ 𝑔𝑟𝑜𝑢𝑝𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 𝑎𝑙𝑖𝑣𝑒 𝑎𝑡 𝑡ℎ𝑒 𝑠𝑡𝑎𝑟𝑡 𝑖𝑛 𝑏𝑜𝑡ℎ 𝑔𝑟𝑜𝑢𝑝𝑠
 

The total expected events of group 2 (𝐸2) equals to the total observed events (𝑂1 + 𝑂2) minus the 

total expected number of group 1 (𝐸1) (Kishore et al., 2010). 

Cox regression survival analysis  

Cox models analyse the probabilities of an event relating to the time and multiple prognostic 

factors, shown in hazard ratios (HRs). The equation of a Cox model is illustrated below (Cox, 1972):  

ℎ(𝑡; 𝑥) = ℎ𝑜(𝑡) 𝑒(𝑥𝛽) , where 

h = hazard function 

t = time 
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x = predictor variables 

β = coefficients 

e = natural exponential function 

The Cox model can be illustrated in terms of a survival function as follows (Christensen, 1987):  

𝑆(𝑡; 𝑥) = 𝑆0(𝑡)𝑒(𝑥𝛽) , where 

S = survival function 

t = time 

x = predictor variables 

β = coefficients 

e = natural exponential function 

The key assumption of the Cox models is that the effect of predictor variables is constant in time; 

thus, it is called the proportional hazards (PH) assumption (Cox, 1972). It was checked using the 

Schoenfeld residuals method in this study, where the residuals are plotted against time to test the 

fit (Schoenfeld, 1982). If the tests are non-significant, then it can be assumed that the PH 

assumption is met. In case of violating the PH assumption, there are recommended methods to 

solve it, such as performing separate analyses by the non-proportional variable, splitting the data 

by time periods, stratifying on the categorical variables, or specifying interactions of continuous 

variables with the time variable (Steyerberg, 2009).  

Factors included in the Cox models 

All the relevant patient demographic and clinicopathological factors available in the dataset were 

included in the EGFR(-) and EGFR(+) models: age at diagnosis, gender, ethnicity, smoking status, 

ECOG performance status, metastasis status at diagnosis, and tumour site. These factors 

contributed most of the frequently used predictors of lung cancer survival in literature; however, 

other potential prognostic factors used in some prior studies, such as LDH and albumin, were 

unavailable in the current study database. In the post hoc PH assumption test, metastasis variable 

(defined as M0 and M1) was found to be non-proportional, thus further separate analyses were 

performed based on the metastasis variable, giving rise to four subgroup models: M0 & EGFR(-); 

M0 & EGFR(+); M1 & EGFR(-); and M1 & EGFR(+). The PH assumption remained unmet in the EGFR(-

) model and therefore, interactions of the predictors and time were assessed in the models. It 

showed little change in hazard ratios; thus, complex interactions were removed from the final 

models. 
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The competing risks were not accounted for in the analysis because the cause of death information 

was incomplete (due to outstanding coronial cases). While deaths from non-cancer causes could be 

substantial in cancers with better survival, in case of lung cancer, being a highly progressive disease, 

most of the patients died from their cancer. For instance, lung cancer was responsible for 88.3% of 

total deaths in the study of SEER database patients (n=202,914) (Wei et al., 2018). Therefore, it was 

assumed that the variations in overall survival are likely to represent variations in the survival from 

lung cancer.  

Supplementary analyses 

Given that EGFR mutation testing rates have changed over time, a sensitivity analysis was 

performed to observe the results of the overall survival models produced from the first half and 

second half of the study period using the whole cohort (published paper, supplementary table 2). 

Given that treatment with EGFR-TKIs was considered to be a potential influencing factor of overall 

survival, the Cox survival analyses were repeated including the EGFR-TKI factor, and the effect 

estimates of the models with and without the EGFR-TKI factor were compared (published paper, 

supplementary table 3).  

 

5.3 PUBLISHED PAPER  

The findings of this study have been published as an original research article titled, “Factors 

associated with overall survival in a population-based cohort of non-squamous NSCLC patients from 

northern New Zealand: A comparative analysis by EGFR mutation status”, in Cancer Epidemiology 

(Cancer Epidemiol.) in 2020, volume 69, article 101847. Cancer Epidemiol. is an open access, peer-

reviewed journal that publishes articles on all aspects of cancer epidemiology such as studies of risk 

factors, prevention and control, early diagnosis, disease prognosis, and methodological issues. The 

journal has a 2-year impact factor of 2.179. The unaltered version of the article is attached below. 
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Supplementary table 

Table S1: Number patients who were tested for EGFR mutation and those treated with EGFR-TKI, 

shown by year of diagnosis 

Diagnosis 
year 

Non-
squamous 

NSCLC 

Tested Treated with 
EGFR-TKI Original 

dataset 
Final 

dataset 
Total 3815 1709 1534 167 

2010a 460 18 16 5 
2011 464 36 29 9 
2012 470 144 119 29 
2013 470 253 223 34 
2014 538 310 284 30 
2015 561 347 316 33 
2016 565 405 367 27 

2017b 287 196 180 0 
a from the 1st of February; b up to the 31st of July 

Table S2: Multivariable Cox regression analysis showing the effects of predictors for on overall 

survival for the first half and second half of the study period 

First half period Second half period 
Factors HR (95%CI) p value HR (95%CI) p value 
Age at diagnosis 

<50 yr 0.84 (0.53-1.32) 0.445 0.93 (0.65-1.33) 0.686 
50-59 yr 1.05 (0.75-1.46) 0.768 0.74 (0.58-0.94) 0.012 
60-69 yr Ref 
70-79 yr 0.92 (0.70-1.22) 0.577 1.04 (0.86-1.26) 0.653 
>=80 yr 1.05 (0.70-1.57) 0.828 1.71 (1.33-2.20) 0.000 

Gender 
Male Ref 
Female 0.81 (0.65-1.01) 0.065 1.02 (0.88-1.19) 0.762 

Ethnicity 
NZ European Ref 
NZ Maori  0.96 (0.69-1.34) 0.808 1.33 (1.07-1.65) 0.009 
Pacific  1.19 (0.84-1.69) 0.339 1.05 (0.82-1.36) 0.695 
Asian  0.82 (0.55-1.22) 0.334 0.95 (0.73-1.24) 0.712 
Other & Unknown 1.55 (0.62-3.85) 0.347 0.53 (0.20-1.43) 0.212 

Smoking status 
Current smoker Ref 
Ex-smoker  1.09 (0.82-1.46) 0.546 0.86 (0.71-1.04) 0.115 
Non-smoker  0.93 (0.65-1.33) 0.686 0.70 (0.55-0.90) 0.006 

Performance status 
PS0 Ref 
PS 1  1.58 (1.24-2.02) <0.001 1.43 (1.19-1.71) <0.001 
PS 2-5 2.63 (1.87-3.69) <0.001 2.71 (2.21-3.32) <0.001 
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Metastasis 
M0 Ref 
M1 3.65 (2.86-4.67) <0.001 3.72 (3.14-4.40) <0.001 

Site 
Main bronchus  1.35 (0.85-2.13) 0.200 1.23 (0.87-1.74) 0.242 
Upper lobe Ref 
Middle lobe  1.13 (0.69-1.85) 0.640 0.81 (0.58-1.13) 0.223 
Lower lobe  1.03 (0.78-1.36) 0.836 0.89 (0.74-1.07) 0.200 
Overlapping or unspecified 1.23 (0.88-1.71) 0.229 1.12 (0.89-1.39) 0.338 

Mutation status 
Negative Ref 
Positive 0.58 (0.42-0.80) 0.001   0.43 (0.34-0.54) <0.001 

HR=hazard ratios using multivariable Cox regression analysis. The first half period model is based on 432 non-
squamous non-small cell lung cancer patients; and the second half period model, 1102.  
 

 

Table S3: Multivariable Cox regression analysis showing the effects of predictors on overall 

survival including the EGFR-TKI variable  

    Overall   EGFR(+) 
Factors HR (95%CI) p value   HR (95%CI) p value 
Age at diagnosis 

<50 yr  0.82 (0.62-1.08) 0.164 0.84 (0.42-1.69) 0.632 
50-59 yr  0.83 (0.68-1.00) 0.049 0.93 (0.55-1.59) 0.791 
60-69 yr Ref 
70-79 yr  1.00 (0.85-1.17) 0.979 1.13 (0.71-1.81) 0.605 
>=80 yr  1.48 (1.20-1.82) <0.001 1.75 (0.98-3.13) 0.058 

Gender 
Male Ref 
Female  0.94 (0.83-1.07) 0.371 1.55 (1.07-2.24) 0.021 

Ethnicity 
NZ European Ref 
NZ Maori  1.19 (1.00-1.43) 0.055 1.45 (0.72-2.91) 0.301 
Pacific  1.11 (0.91-1.36) 0.315 1.33 (0.81-2.17) 0.257 
Asian  0.93 (0.75-1.16) 0.511 1.26 (0.79-2.00) 0.331 
Other & Unknown  0.82 (0.42-1.59) 0.559 0.95 (0.23-4.00) 0.946 

Smoking status 
Current smoker Ref 
Ex-smoker  0.90 (0.77-1.05) 0.190 1.17 (0.60-2.26) 0.646 
Non-smoker  0.76 (0.62-0.93) 0.009 0.87 (0.43-1.73) 0.689 

Performance status 
PS0 Ref 
PS 1  1.49 (1.29-1.72) <0.001 1.35 (0.90-2.02) 0.144 
PS 2-5  2.75 (2.32-3.26) <0.001 3.31 (2.01-5.44) <0.001 

Metastasis 
M0 Ref 
M1 3.55 (3.09-4.08) <0.001 2.90 (2.00-4.19) <0.001 
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Site 
Main bronchus  1.24 (0.94-1.63) 0.120 0.61 (0.18-2.02) 0.418 
Upper lobe Ref 
Middle lobe  0.91 (0.69-1.19) 0.484 1.20 (0.62-2.32) 0.583 
Lower lobe  0.93 (0.80-1.09) 0.386 1.40 (0.95-2.05) 0.085 
Overlapping or unspecified 1.17 (0.97-1.40) 0.102 1.86 (1.11-3.11) 0.018 

EGFR-TKI 
No Ref 
Yes 1.12 (0.87-1.44) 0.381 1.47 (1.00-2.15) 0.052 

Mutation status 
Negative Ref 
Positive 0.45 (0.36-0.57) <0.001 

HR=hazard ratios using multivariable Cox regression analysis. The overall model is based on 1534 non-squamous 
non-small cell lung cancer patients; and EGFR(+) model, 307.  
 

 

73



 

74 

 

Chapter 6 

Development and validation of a predictive model for estimating  

EGFR mutation probabilities 

This chapter links to the objective number (4) To develop, validate and assess the performance of 

an EGFR mutation predictive model. This chapter will set out with the background for conducting 

this study and detail the methods used in the analyses. This study has been published in the BMC 

Cancer journal and is presented in Section 6.3 below as the reference to the results and discussion. 

The following sections will discuss the background and methods in more depth, having some 

overlaps with the published paper.  

 

6.1 BACKGROUND  

It is proven that the treatment of non-squamous NSCLC with TKIs targeting EGFR is superior to 

systemic chemotherapy in patients with EGFR mutations, as discussed in Literature review: Section 

2.3.6 Effects of EGFR-TKIs on lung cancer outcomes. Knowing the patient’s EGFR mutation status is 

crucial for such treatment decisions. Increasing numbers of patients are tested for EGFR mutations 

in light of the testing guidelines being recommended for all non-squamous NSCLC patients; 

however, there are challenges in detecting EGFR mutations in many patients. For patients who 

cannot have tissue-based molecular testing, statistical models may play a role, with which EGFR 

mutation probabilities can be systematically estimated using the factors known to be associated 

with EGFR mutations. This section will set out with the recommendations published in EGFR 

mutation testing guidelines and discuss the evidence of incomplete testing and the challenges in 

testing EGFR mutations. It will then review the published literature on statistical models that are 

used to predict EGFR mutation positivity. This background section will finish off with how the 

development of an EGFR mutation predictive model will assist in improving the current challenges.  

6.1.1 Guidelines for EGFR mutation testing 

EGFR mutation testing guidelines have been introduced in many countries to ensure testing is 

equitable and cost-effective, thereby leading to optimised access to EGFR-TKI therapy. EGFR 

mutation testing is generally recommended to NSCLC patients with adenocarcinoma histology, with 

some guidelines providing specific testing recommendations (Hicks & Wong, 2013; Keedy et al., 

2011).  
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The guideline developed by College of American Pathologists (CAP), International Association for 

the Study of Lung Cancer (IASLC) and Association for Molecular Pathology (AMP) recommended 

that all patients with advanced-stage adenocarcinoma should be referred for EGFR mutation testing 

regardless of patient’s characteristics or clinical risk factors (Lindeman et al., 2013). The European 

Society for Medical Oncology (ESMO) provided similar recommendations but additionally 

suggested that selected squamous cell carcinoma patients with a history of little or previous 

smoking should also be strongly considered for EGFR mutation testing (Kerr et al., 2014). In New 

Zealand, the National Health Committee (NHC) published the guideline in May 2013 stating that 

any-stage NSCLC patients with all histological types except confidently diagnosed squamous cell 

carcinoma are eligible for (publicly funded) EGFR mutation testing (NHC, 2013). Patients who are 

tested positive for EGFR mutation are eligible for funded EGFR-TKIs.  

6.1.2 Incomplete EGFR mutation testing  

Despite the guidelines generally recommending adenocarcinoma (or non-squamous) NSCLC 

patients for EGFR mutation testing, studies showed that considerably low proportions of them were 

referred for testing or tested for EGFR mutation. In the US, only 12% of 4781 non-federal hospitals 

ordered the test in 2010 (J. A. Lynch et al., 2013). Even in EGFR mutation highly prevalent Asian 

countries, the average tested proportion was 32% among NSCLC patients in 2011 (Yatabe et al., 

2015). A systematic review on 18 published studies worldwide from 2011 to 2017 reported an EGFR 

mutation testing rate of 31% overall, widely ranging from 31% to 78% in single-institution 

retrospective audits, 11-69% in population-based studies, and 8-32% in multi-institutional cross-

sectional practitioner surveys (Thi et al., 2020). Although the mutation testing uptake has increased 

over time, it has rarely achieved higher than 75%. The systemic review identified female, younger 

age, and former or non-smoker as associated factors for high testing rates among others. (The 

challenges with the EGFR mutation testing and selective referrals will be discussed in the following 

Section 6.1.3 Challenges with EGFR mutation testing). 

In New Zealand, a population-based study of 2701 non-squamous NSCLC patients observed that 

EGFR mutation testing increased from 3.7% in 2010 to 64.3% in 2015, with an overall testing rate 

of 39.2% (Tin Tin et al., 2018). The EGFR mutation testing uptake, also in New Zealand, differed 

across populations: older patients over 80 years and Māori patients, the indigenous New Zealand 

population, were less likely to get tested, greatly contributing to non-tested proportions 

throughout their study period of 2010-2014 (Tin Tin et al., 2018).  
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6.1.3 Challenges with EGFR mutation testing  

A number of challenges underpin low EGFR mutation testing rates (low EGFR mutation testing was 

discussed in Section 6.1.2 Incomplete EGFR mutation testing). Firstly, since mutation testing needs 

highly specific techniques, the number of laboratories that are established with required molecular 

equipment is limited in most settings. These laboratories also need to have quality control 

measures in place to maintain the standard quality of the tests and ensure that the methods used 

for testing EGFR mutation yield reliable and accurate results (World Health Organization, 2018b). 

Consequently, testing EGFR mutation is not readily accessible and can be costly – testing EGFR 

mutation costs about $500 in New Zealand (IGENZ, 2018; PathLab, 2018). The study of Ellis et al. 

(2013) examining hindrances to the initial implementation of a national EGFR mutation testing 

policy in Canada revealed that the uptake of testing dropped significantly after the public funding 

had stopped.  

Studies also highlighted the status of adherence to national EGFR mutation testing guidelines. 

Perhaps partly as a result of the limited availability of testing facilities and costliness, medical 

oncologists tend to refer the NSCLC patients for EGFR mutation testing on a selective basis. Being 

more likely to be EGFR mutation-positive and thus more likely to benefit from the targeted therapy, 

NSCLC patients who were of younger age, females, Asians, light or never smokers, and those with 

relatively better performance status got access to mutation testing (Ellis et al., 2013; McKeage et 

al., 2017; Sandelin et al., 2015; Thi et al., 2020).  

The eligibility for EGFR mutation testing may greatly depend on the availability of tumour tissue 

samples, and the timescale for testing which may not be appropriate due to the severity of the 

patient’s condition. The gold standard specimen for EGFR mutation testing is a tumour tissue 

sample gained from curative surgical resection or diagnostic biopsy procedure. In fact, fewer than 

1 in 5 patients are eligible for curative surgery (Cappuzzo, 2014). In addition, about 15% of lung 

cancer patients are diagnosed on clinical and radiological grounds as tissue cannot be obtained due 

to risks of biopsy. Unavailable tissue sample had also been a constant and substantial contributing 

factor for low EGFR mutation testing uptake in New Zealand over time (Tin Tin et al., 2018). Even 

when the tissue sample has been obtained invasively, there are certain proportions where EGFR 

mutation testing cannot be performed due to inadequate tumour tissues in the samples. A trial 

reported that 16.5% of biopsies from lung cancer patients were inadequate for mutation 

assessment (Davies et al., 2017; Ellis et al., 2013; Kim et al., 2011). Furthermore, serial biopsies may 

often be needed. These imply that obtaining sufficient and high-quality tissue samples by surgical 

processes does not always represent the best option for EGFR mutation testing. 
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Less invasive methods have since emerged into use. According to the National Institute for Health 

and Clinical Excellence (NICE)’s recommendation (NICE, 2011), the use of cytological specimens 

obtained by minimally invasive methods such as endobronchial ultrasound (EBUS) guided fine 

needle aspiration (FNA), trans-esophageal ultrasound (EUS) guided FNA, and CT guided FNA has 

become more common (Cappuzzo, 2014; Davies et al., 2017). For such low tumour content samples, 

a highly sensitive mutation test is warranted. In the study on 2450 NSCLC patients from 10 Polish 

cancer centres, cytological specimens as well as small biopsy specimens, either from primary or 

metastatic tumour sites, were deemed comparable to surgical specimens, provided that the 

molecular test in place was reliable and highly sensitive (Krawczyk et al., 2015). The requirement of 

a reliable and sensitive molecular test applies to the use of less invasive blood-based specimens, as 

discussed in Section 2.3.4 Diagnosis of EGFR mutations. 

These challenges collectively indicate that a number of NSCLC patients who might be eligible for 

EGFR-TKI therapy are at risk of being missed. It poses the necessity of a non-invasive method that 

is also accurate to predict the EGFR mutation status. As such, researchers have attempted to 

develop predictive models as a means of systematic estimation of EGFR mutation probabilities. The 

following section will briefly introduce the use of predictive models in cancer and review the 

published EGFR mutation predictive models. 

6.1.4 EGFR mutation predictive models 

A predictive model in cancer is a statistical tool which predicts the prognosis or an outcome of 

interest such as disease progress, recurrence, complications or death using various patient-related 

and tumour-related predictors, e.g. age, sex, stage of cancer, tumour histology (Figure 6.1). The 

models can be applied to individual patients at the time of diagnosis or at a later stage of 

management to inform doctors and patients with evidence-based information on likely future 

course of the disease and assist further management of the disease (Moons et al., 2009; Steyerberg, 

2009).  
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Patient factors include age, sex, ethnicity, socioeconomic status, smoking and so on; tumour factors include 

histology, grade, stage at diagnosis and so on; treatment factors include locoregional treatment, systemic 

treatment, targeted treatment and so on. This figure is referenced from “Clinical prediction models: A practical 

approach to development, validation and updating” (Steyerberg, 2009). 

Figure 6.1 Potential predictors of prognosis of a cancer patient 

 

An EGFR mutation predictive model refers to those used to estimate the EGFR mutation positivity 

in individual NSCLC patients, using various independent factors that are related to the tumour, 

patient or treatment. The consistently reported predictors of EGFR mutation status in non-

squamous NSCLC in the literature include sex, ethnicity and smoking status, as discussed in Section 

4.1.1 EGFR mutation-positive proportions and associated factors. Studies may use a variety of 

factors that potentially have an influence on EGFR mutation status, employing various methods.  

I carried out a literature search on statistical models for prediction of EGFR mutation status using 

Medline (Ovid), which indexes papers from 1946 to present (search date: 13th Aug 2020), with the 

key words: "EGFR" AND "mutation" AND "[lung cancer OR NSCLC or adenocarcinoma]" AND 

“predict*” AND "model*". The search returned 390 published research articles; from which, those 

that developed EGFR mutation prediction models, also validated the models in an independent 

dataset, and published in English were identified. It resulted in 19 research articles (Table 6.1). I 

performed a further literature search on Google Scholar but yielded no additional relevant research 

articles.  

Table 6.1 Summary of the EGFR mutation predictive models published up to 13th Aug 2020  

No. Study Location, period N Resultant model Factors used 

1 Girard et 

al. (2012) 

5 institutions 

worldwide (non-

Asians), 2004-09  

2392 

adeno 

Nomogram Clinico-pathological 

factors 
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2 Guan et al. 

(2016) 

China,  

2009-2013 

401 

NSCLC 

Multivariate logistic 

regression model 

18FDG PET/CT 

radiomic and clinical 

features 

3 Gevaert et 

al. (2017) 

US,  

2008-2014 

186 

NSCLC 

Decision tree model Clinico-pathological 

factors and semantic 

CT features 

4 Chang et 

al. (2018) 

China,  

2008-2017 

1985 

NSCLC 

Multivariate logistic 

regression model 

Clinico-pathological 

factors 

5 X. Li et al. 

(2018) 

China,  

2013-17 

1010 

adeno 

Radiomics-based, 

MCNNs-based, and 

clinical feature-based 

models 

Radiomics, multi-level 

residual convolutionary 

neural networks 

(MCNNs), and clinical 

features 

6 L. Zhang et 

al. (2018) 

China,  

2008-2014 

180 

NSCLC 

Nomogram Radiomic and clinical 

features 

7 Jia et al. 

(2019) 

China,  

2012-2015 

503 

adeno 

Random forest model Radiomic and clinical 

features 

8 S. Li et al. 

(2019) 

China,  

2015-2018 

312 

NSCLC 

Multivariate logistic 

regression model 

Radiomic and clinical 

features 

9 Tu et al. 

(2019) 

China,  

2012-2016 

404 

NSCLC 

Multivariable logistic 

regression model 

Radiomic and clinical 

features 

10 S. Wang et 

al. (Shuo 

Wang et 

al., 2019) 

China,  

2013-2014 

844 

adeno 

Clinical, semantic, 

radiomics, and deep 

learning models 

Neural networks, CT 

semantic, radiomic and 

clinical features 

11 X. Wang et 

al. (2019) 

China,  

2016-2018 

61 

nodules 

from 51 

patients 

Support vector 

machine (SVM) model 

Radiomic and clinical 

features 

12 X. Yang et 

al. (2019) 

China,  

2016-2018 

467 

adeno 

Random forest model Radiomic features 

13 Zhang et 

al. (Hanfei 

Zhang et 

al., 2019) 

Published studies 

up to Aug 2018 

17 studies Regression model 

based on meta-

analysis 

CT semantic and 

clinical features 

14 Zhao et al. 

(2019) 

China 579 

adeno 

3D convolutional 

neural networks 

Neural networks 
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15 S. Li et al. 

(S. Li et al., 

2020) 

China 438 

adeno 

SVM, random forest, 

naïve Bayes, logistic 

regression, neural 

network models 

Radiomic features 

16 Liu et al. 

(2020) 

China,  

2016-2017 

148 

adeno 

Random forest, logistic 

regression models 

18FDG PET/CT 

radiomic and clinical 

features 

17 Lu et al. 

(2020) 

China,  

2016-18 

104 

adeno 

Nomogram Semantic, radiomic and 

clinical features 

18 Shiri et al. 

(2020) 

The Cancer Imaging 

Archive (TCIA) 

211 

NSCLC 

Multimodal models Radiomic features 

19 B. Yang et 

al. (2020) 

China,  

2009-2016 

174 

adeno 

Random forest model 18FDG PET/CT 

radiomic and clinical 

features 

 

Of the identified 19 research articles (Table 6.1), the majority (n=15) took place in China; one in the 

US; one multi-institutional; one used publicly available The Cancer Imaging Archive (TCIA) dataset; 

and one has developed a predictive model based on the meta-analysis of 17 published studies, 

which investigated the risk factors for EGFR mutations, up to 17th Aug 2018 and validated using a 

local dataset (Table 6.1). The studies used various sets of predictors to develop the EGFR mutation 

predictive models, including clinical factors such as age, gender and smoking status; pathological 

factors such as staging and histology; and semantic CT features such as ground-glass opacity, air 

bronchogram and pleural retraction. Additionally, advanced technologies allowed the development 

of models based on radiomics and deep learning to estimate the EGFR mutation status. 

Radiomics is an emerging technique to extract a large number of clinically relevant distinctive 

features, which are not visible to the naked eye, from radiographic medical images such as CT, MRI 

or PET images. It involves highly technical steps such as extraction of radiomic features from the CT 

images using specific software, e.g. Matlab, and selection of the distinguishable features with 

specific techniques, e.g. LASSO (the least absolute shrinkage and selection operator) (Vial et al., 

2018; L. Zhang et al., 2018). Likewise, deep learning is an advancing technique that consists of 

multiple layers of neural networks aiming to process the information and train to map to the 

desired label. The procedure of model training is complex and requires specific skills; however, once 

the deep learning model is available, it will provide the mean EGFR mutation probability with all CT 

slices of the tumour fed to it (Shuo Wang et al., 2019). Having the ability to process an extensive 
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amount of detailed information, thus offering high accuracy, the use of these advanced techniques 

has accelerated in recent years for predicting EGFR mutation status. 

The published models generally yielded good validation results. The earliest publication was of 

Girard et al. (2012), which developed an EGFR mutation predictive model using a set of 

clinicopathological factors alone, such as age, sex, tobacco consumption, time since quitting 

smoking, predominant histological subtype and stage, based on the 1579 non-Asian NSCLC patients 

from five institutions worldwide. The model showed high discriminating accuracy with an AUC of 

0.84 in an independent validation group. A large Chinese study of 1985 NSCLC patients by Chang et 

al. (2018) also developed a clinicopathological profile-based model, including gender, histology, 

smoking history, and stage among others, for predicting EGFR mutation status, which yielded an 

AUC of 0.72 in the development group and 0.70 in the validation group.  

Studies increasingly developed imaging-based models, which also resulted in encouraging 

performance: the model that used CT semantic features based on the 186 NSCLC patients in the US 

gives an AUC of 0.89 (Gevaert et al., 2017), and a radiomics-based model 0.76 in the recent study 

based on the 438 adenocarcinoma NSCLC in China (S. Li et al., 2020). Most recent studies integrated 

machine learning algorithms. The largest deep learning model based on the 844 Chinese 

adenocarcinoma NSCLC yielded an AUC of 0.81 in a validation dataset (Shuo Wang et al., 2019). 

When two sets of factors, such as clinical features and radiomic features, were combined, it appears 

that the model’s performance was better achieving a higher AUC compared to that of a single set 

of factors in the same setting (S. Li et al., 2020; X. Y. Li et al., 2018; Tu et al., 2019; L. Zhang et al., 

2018).  

Overall, these studies showed a great potential of EGFR mutation predictive models to help identify 

the EGFR mutation-positive non-squamous NSCLC to assist clinical decision making. However, given 

that ethnicity is an important predictor of EGFR mutation status, those published models have 

limited applicability in New Zealand, where diverse ethnic populations reside, including indigenous 

Māori, Pacific Peoples and Asians besides majority New Zealand Europeans. In addition, many 

studies employed complex clinical data, which are currently unavailable in the New Zealand setting; 

thus, the application of such models in the New Zealand context is unknown. Therefore, this PhD 

research attempted to fill this gap by providing a statistical model to estimate the EGFR mutation 

probabilities that can practically be used in the New Zealand setting.  
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6.2 METHODS  

6.2.1 Study population 

Of the total 3815 patients described in Chapter 3, this analysis included 1665 tested and 129 non-

tested EGFR-TKI treated patients with complete data (total 1794). Excluded were 259 patients who 

were diagnosed only by autopsy, death certificate or by unknown methods; 1727 patients who 

were not tested nor given EGFR-TKI; 33 patients with missing smoking data; and two patients 

ineligible in non-tested EGFR-TKI treated group. The included 1794 patients were divided into three 

groups as follows (Published paper, Figure 1): 

▪ Model development group: This included 1176 tested patients who were diagnosed in the later 

study period between 01/03/2014 and 31/07/2017. This group was used for the development 

of the EGFR mutation predictive model and its internal validation (Published paper, Table 1). 

This group was decided to be the model development group because the later period’s 

situation, especially regarding EGFR mutation testing, corresponds closely to the current 

situation, and the resultant model would therefore be more accurate to apply to the current 

patients.  

▪ Model validation group: This included 489 tested patients who were diagnosed in the earlier 

period between 01/02/2010 and 28/02/2014. This group was used for external validation of 

the EGFR mutation predictive model (Published paper, Table 1).  

▪ Non-tested TKI-treated group: This included 129 untested patients who were treated with 

EGFR-TKIs. This group was used to assess the performance of the EGFR mutation predictive 

model (Published paper, Table 1). 

6.2.2 Development of the EGFR mutation predictive model  

The development of the EGFR mutation predictive model adopted the elements outlined by 

Steyerberg (2009) (Figure 6.2). Reporting of the results followed the checklist recommended in the 

Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis 

(TRIPOD) statement (Collins et al., 2015).  
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Referenced from “Clinical prediction models: A practical approach to development, validation and updating” 

(Steyerberg, 2009) 

Figure 6.2 Seven elements for developing valid predictive models for clinical applications 

 

Model development 

Based on the development group of 1176 patients, the EGFR mutation predictive model was built 

using a backward stepwise multivariable logistic regression to estimate the effects of the predictors 

on mutation positivity, 95% confidence estimates and p-values. A p-value of <0.05 was considered 

statistically significant. The final predictive model included three statistically significant factors: sex, 

ethnicity and smoking status (Published paper, Table 2). The analysis was conducted using Stata 16. 

• Considering research question, predictors, outcome of interest, and dealing 
with missing values

1. Data inspection

• Considering choices on categorical variables and continuous variables

2. Coding of predictors

• Determining what predictors to be included, assessing and dealing with 
assumptions

3. Model specification

• Estimating model parameters: estimating coefficients for each predictor or 
combined predictors, limiting overfitting

4. Model estimation

• Determining the quality and relevence to practice 

5. Model performance

• Assessing internal validation and external validation

6. Model validation

• Considering a presentation format appropriate for audience

7. Model presentation
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The equation of the logistic regression to calculate the probabilities of EGFR mutation positivity is 

depicted below (Scott et al., 1991):  

𝑝 [𝑦 = 1] =
𝑒(𝛽0 + 𝛽1∗𝑥1 + … + 𝛽𝑘∗𝑥𝑘)

1+𝑒(𝛽0 + 𝛽1∗𝑥1 + … + 𝛽𝑘∗𝑥𝑘) , where 

p = probability 

e = natural exponential function 

y = dependent variable 

x1 … xk = predictor variables 

β1 … βk = coefficients 

The nomogram of the EGFR mutation predictive model was constructed by using the “regplot” 

command in RStudio (Marshall, 2018) (Published paper, Figure 2). Due to its ability to provide exact 

prediction estimates, nomogram is used in this study after considering other formats, such as a 

table as in Framingham risk score for statin therapy (Wilson et al., 1998), or a decision tree (Gevaert 

et al., 2017). The use of “regplot” has enhanced the nomogram to be more informative by adding 

the density and distribution of the data to the figure. 

Model validation 

The model was internally validated in the development group of 1176 patients and externally 

validated in the validation group of 489 patients. Model validation included two major components: 

calibration and discrimination (Altman, 2009; Steyerberg, 2009).  

Calibrations can be assessed by the fit between observed and predicted mutation probabilities. For 

the EGFR mutation predictive model, calibration was observed in five probability groups ordered 

by predicted mutation probabilities (Published paper, Table 3 & Figure 3). Observed mutation 

probabilities were actual proportions of EGFR mutation-positive patients for each probability 

group, whereas predicted mutation probabilities were estimated individually using the equation of 

the EGFR mutation predictive model, then the means of those predicted probabilities were 

calculated for each probability group. The model calibration was then assessed by observing 

whether the mean predicted probabilities fall within the 95% confidence limits of the observed 

probabilities in all five probability groups. The difference between observed and predicted 

mutation probabilities was also assessed using the Hosmer-Lemeshow’s goodness-of-fit test, where 

calibration was considered poor if the p-value was less than 0.05.  

Discrimination can be assessed by the ability of the predictive model to distinguish between 

positive and negative status correctly. The discriminative ability of the EGFR mutation predictive 
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model was observed using the Receiver Operating Characteristic (ROC) curve (Published paper, 

Table 4 & Figure 4). The values of sensitivity (true positive rates) and 1-specificity (false-positive 

rates) were plotted in the ROC curve for all consecutive cut-points of the predicted mutation 

probabilities, and the Area Under Curve (AUC) was observed.  

Model performance assessment 

The performance of the EGFR mutation predictive model was assessed using the non-tested EGFR-

TKI treated group consisting of 129 patients. The predicted mutation probabilities, estimated using 

the model equation, were categorised into three probability groups cutting at 0.2 and 0.6. The 

differences in EGFR-TKI treatment outcomes, such as overall survival and proportions remaining on 

EGFR-TKI, were compared between the three predicted probability groups in those patients with 

unknown EGFR mutation status. The overall survival was measured from the start of EGFR-TKI to 

the date of death, and surviving patients were censored on 31 May 2018. Time on EGFR-TKI 

treatment was measured from the start date to the stop date of EGFR-TKI. Kaplan-Meier estimates 

and log-rank tests (elaborated in Section 5.2.2 Survival analysis) were used to determine whether 

the treatment outcomes were significantly different between the three predicted probability 

groups (Published paper, Figure 5).  

 

6.3 PUBLISHED PAPER  

The findings of this study have been published as an original research article titled, “Development 

and validation of a predictive model for estimating EGFR mutation probabilities in patients with 

non-squamous non-small cell lung cancer in New Zealand”, published in BioMed Central (BMC) 

Cancer in 2020, volume 20, issue 1, page 658. BMC Cancer is an open access, peer-reviewed journal 

that publishes articles on various aspects of cancer research. It has a 5-year impact factor of 3.432, 

and a 2-year impact factor of 3.15. The unaltered version of the article is attached below. 

  



RESEARCH ARTICLE Open Access

Development and validation of a predictive
model for estimating EGFR mutation
probabilities in patients with non-
squamous non-small cell lung cancer in
New Zealand
Phyu Sin Aye1* , Sandar Tin Tin1, Mark James McKeage2,3, Prashannata Khwaounjoo2, Alana Cavadino1 and
J. Mark Elwood1

Abstract

Background: Targeted treatment with Epidermal Growth Factor Receptor (EGFR) tyrosine kinase inhibitors (TKIs) is
superior to systemic chemotherapy in non-small cell lung cancer (NSCLC) patients with EGFR gene mutations. Detection
of EGFR mutations is a challenge in many patients due to the lack of suitable tumour specimens for molecular testing or
for other reasons. EGFR mutations are more common in female, Asian and never smoking NSCLC patients.

Methods: Patients were from a population-based retrospective cohort of 3556 patients diagnosed with non-squamous
non-small cell lung cancer in northern New Zealand between 1 Feb 2010 and 31 July 2017. A total of 1694 patients were
tested for EGFR mutations, of which information on 1665 patients was available for model development and validation. A
multivariable logistic regression model was developed based on 1176 tested patients, and validated in 489 tested
patients. Among 1862 patients not tested for EGFR mutations, 129 patients were treated with EGFR-TKIs. Their EGFR
mutation probabilities were calculated using the model, and their duration of benefit and overall survival from the start of
EGFR-TKI were compared among the three predicted probability groups: < 0.2, 0.2–0.6, and > 0.6.

Results: The model has three predictors: sex, ethnicity and smoking status, and is presented as a nomogram to calculate
EGFR mutation probabilities. The model performed well in the validation group (AUC = 0.75). The probability cut-point of
0.2 corresponds 68% sensitivity and 78% specificity. The model predictions were related to outcome in a group of TKI-
treated patients with no biopsy testing available (n = 129); in subgroups with predicted probabilities of < 0.2, 0.2–0.6,
and > 0.6, median overall survival times from starting EGFR-TKI were 4.0, 5.5 and 18.3months (p = 0.02); and median times
remaining on EGFR-TKI treatment were 2.0, 4.2, and 14.0months, respectively (p < 0.001).

Conclusion: Our model may assist clinical decision making for patients in whom tissue-based mutation testing is difficult
or as a supplement to mutation testing.

Keywords: Non-small-cell lung carcinoma, Lung Cancer, Epidermal growth factor receptor, Mutation, Targeted therapy,
Predictive models
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Background
Non-small cell lung cancer (NSCLC) comprises about
85% of all lung cancers. About 32.3% of NSCLC have
mutation(s) of epidermal growth factor receptor (EGFR),
ranging from 17.4% in Caucasian to 38.8% in Asian [1].
In addition to Asian ethnicity, EGFR mutations are well
known for being more common among females and
never smokers diagnosed with NSCLC [1, 2]. EGFR gene
mutations associated with NSCLC occur in the tyrosine
kinase domain (exons 18 to 21) and lead to constitutive
activation of the EGFR tyrosine kinase [3]. Some consti-
tutively activated mutant EGFR proteins are sensitive to
EGFR tyrosine kinase inhibitor (TKI) drugs, such as
those encoded by EGFR genes with exon 19 deletion
mutations or exon 21 L858R point mutation, whereas
others are not, such as those encoded by EGFR genes
with exon 20 insertion mutations [3]. When first intro-
duced into clinical use, EGFR-TKIs were approved for
use for any patient with NSCLC without molecular
selection [4]. Since then, several randomised trials have
shown that NSCLC patients with activating EGFR gene
mutations are responsive to EGFR tyrosine kinase inhibi-
tors (EGFR-TKI) such as gefitinib and erlotinib [5–12].
A meta-analysis including seven trials showed that
EGFR-TKIs resulted in prolonged PFS overall and in all
subgroups compared to chemotherapy, with greater ben-
efits in patients with exon 19 deletions, no smoking his-
tory and in female patients [13].
Testing for EGFR mutations has become a critical first

step in personalised treatment of lung cancer. For
several years now, clinical practice guidelines have
recommended EGFR mutation testing for most patients
with NSCLC, for individualising treatment and selecting
patients for EGFR-TKI therapy [14–16]. These guide-
lines recommend against using demographic or clinico-
pathological factors for selecting patients for testing
[14–16]. Not testing all eligible patients risks missing
some patients with EGFR mutations, who will miss out
on treatment with EGFR-TKIs and their well-known
clinical benefits. Not testing also risks treating some
patients without EGFR mutations with EGFR-TKIs, who
have little or no chance of benefit. EGFR mutation test-
ing methodologies have improved in recent times, for
example, in their analytical sensitivity for detecting low
levels of mutations in tissue specimens and body fluids,
such as blood plasma and pleural effusions [17].
Despite clinical guidelines and improved methodolo-

gies for testing, the potential of personalised treatment
of lung cancer for improving patient outcomes has not
yet been fully realised in the setting of routine care.
Testing rates remain low in many parts of the world,
fuelled by sample limitations, funding constraints and
selective testing referral practices. For example, our
recent systematic review of studies from throughout the

globe that had evaluated the utilisation of EGFR muta-
tion testing in the setting of routine care, found that less
than one third of a total of over 50,000 patients from 18
eligible studies were tested for EGFR mutations [18]. So,
the implementation of EGFR mutation testing into rou-
tine clinical practice appears to have been less successful
than might have been expected. Further effort will be
required beyond aspirational guidelines and new testing
methods to increase testing rates and appropriate use of
EGFR-TKIs. To do so, estimation of pretest probability
of EGFR mutations from universally available demo-
graphic factors has been suggested as a potential adjunct
to mutation testing [19].
EGFR-TKIs became available in New Zealand from

October 2010 [20]. EGFR gene mutation testing has
been recommended in New Zealand for all NSCLC
patients, except those with confidently diagnosed squa-
mous cell carcinoma, since May 2013 [20]. Soon after
testing had commenced in New Zealand, we began a
population-based cohort study of non-squamous NSCLC
patients presenting in northern New Zealand, which is
on-going. Previously we reported on the uptake and im-
pact of EGFR mutation testing in 1857 cohort patients
diagnosed up until April 2014 [20]; EGFR mutation
retesting of a subgroup of 532 cohort patients [21]; the
impact of incomplete uptake of testing on estimates of
mutation prevalence in 2701 cohort patients diagnosed
up until December 2015 [22], and screening for ALK
gene rearrangements in 3130 cohort patients diagnosed
up until July 2016 [23]. In this large population-based
study, in northern New Zealand, only 3.7% of non-
squamous NSCLC patients were tested in 2010; this in-
creased to 64.6% in 2014 and remained stable afterwards
[20, 22]. These suboptimal testing rates were explained
by selective referral practices and the lack of suitable
tumour specimens being available for testing [20, 22].
EGFR mutation testing of plasma (liquid biopsy) offers
one solution [24, 25] but it is prone to false negative test
results, and it is expensive and not readily available in
New Zealand. Thus, a good estimate of EGFR mutation
probabilities would assist clinical decision making for
treatment with EGFR-TKIs for patients with no test
result available.
In a literature review up to Aug 2019, we identified

nine EGFR mutation prediction models [26–34] that had
been validated in an independent dataset. However,
those studies were based on limited numbers of patients,
confined to non-Asian patient populations, or included
predictors that are routinely unavailable such as certain
radiological features. The validity of these models in the
New Zealand context is unknown, and may be more
limited as New Zealand has diverse ethnic groups
including Māori and Pacific people. Thus, we aimed to
develop and validate a model based on the New Zealand
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patient data to estimate the probability of EGFR muta-
tions in patients with non-squamous NSCLC. To do so,
we further expanded our population-based retrospective
cohort study to include a total of 3556 patients from
northern New Zealand diagnosed with non-squamous
NSCLC up until July 2017. Our analysis confirmed asso-
ciations of EGFR mutations with gender, ethnicity and
smoking status in a New Zealand context, and allowed
us to develop and validate a statistical model for estimat-
ing the EGFR mutation probability, based on readily
available demographic factors, in our local patient
population.

Methods
Patient data
This population-based retrospective cohort study involved
all patients who were diagnosed with non-squamous
NSCLC and resident in northern New Zealand between 1
February 2010 and 31 July 2017. Patients were identified
from the New Zealand Cancer Registry (NZCR), a well-
established legally mandated population-based cancer
registry that registers all primary cancers (excluding squa-
mous and basal cell skin cancers) [35]. Following informa-
tion was extracted: age, sex, ethnicity, District Health
Board (DHB) region, date of diagnosis, morphology, site
and disease extent. The data were linked to individual
patient medical records (to obtain smoking data) and
laboratory reports from TestSafe (to obtain EGFR muta-
tion testing results). TestSafe is a clinical information
sharing service, which compiles the laboratory and radi-
ology reports from DHB facilities, community laborator-
ies, and pharmacists [36]. EGFR mutations were tested by
the Roche Cobas® real-time PCR that detects 41 variant
sequences in the tyrosine kinase domain (exons 18–21) of
the EGFR gene [37] or Agena MassARRAY OncoFOCUS™
[38] test that detects 128 EGFR gene mutations and 63
KRAS, NRAS and BRAF gene mutations, which we previ-
ously validated [21]. The positive EGFR mutation in this
study refers to EGFR-TKI-sensitive mutations (i.e. exon
19 LREA deletion, L858R, G719X, S768I, L861Q, E709A
and R776C) detected at diagnosis prior to EGFR-TKI ther-
apy. Patients with EGFR mutations insensitive to gefitinib
or erlotinib (exon 20 insertions, exon 20 T790M alone or
those detected together with another sensitive mutation at
diagnosis) were categorised as EGFR negative [39, 40].

Data analysis
The data analysis was based on 1794 eligible (1665
tested, and 129 non-tested EGFR-TKI-treated) patients
with complete data, derived from the total of 3815
patients (Fig. 1). The 1665 tested patients were divided
into a development group (n = 1176), diagnosed from 1
Mar 2014 to 31 July 2017, which was used for model
development and internal validation; and a validation

group (n = 489), diagnosed from 1 Feb 2010 to 28 Feb
2014, which was used for external validation. A separate
group of the 129 patients, who were not tested for the
EGFR mutation but treated with EGFR-TKIs, was used
to evaluate the model’s applicability. All analyses were
performed using Stata v15. The model was then graphic-
ally illustrated in a nomogram by using the “regplot”
command in R [41].

Model development
The model was developed in the development group of
1176 patients. First, single variable analyses were per-
formed using age at diagnosis, sex, ethnicity, smoking
status, disease extent and histology variables to identify
the predictors of EGFR mutations. A p-value of < 0.05
was considered statistically significant. Then, a multivari-
able logistic regression analysis was used to estimate the
probabilities of EGFR mutations. Age at diagnosis and
extent of the disease were excluded from the model as
they were statistically non-significant in multivariable re-
gression. The histology variable, although significant,
was omitted from the model since our patient sample in-
cluded few patients with histological types other than
adenocarcinoma; and the area under the curve (AUC)
improved little by adding histology to the model. Thus,
sex, ethnicity and smoking status were included in the
final model. The resultant model was presented using a
nomogram.

Model validation
The model was internally validated in the development
group of 1176 patients and externally validated in the
validation group of 489 patients [42], in terms of calibra-
tion and discrimination.
Calibration assesses the fit between predicted and

observed mutation prevalence in groups of patients. To
evaluate the model’s calibration, patients were divided
into 5 groups created by the ranks of their predicted
probabilities. Note that the numbers of observations in
the groups were not equal as there were ties in predicted
probabilities, that is, the same values were clustered into
one group. Hosmer-Lemeshow’s goodness-of-fit tests
were performed, and calibration was considered poor if
the p-value was less than 0.05.
Discrimination assesses the model’s ability to distinguish

between patients with a mutation and those without [42].
To evaluate the model’s discrimination, a Receiver Operat-
ing Characteristic (ROC) curve was plotted with the values
of sensitivity (true positive rates) and 1-specifity (false posi-
tive rates) at consecutive cut points between 0 and 1 of the
predicted probabilities. The area under the ROC curve
(AUC) was used to determine the model’s performance in
distinguishing between mutation-positive and -negative
groups. An AUC of 1 represents perfect discrimination
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whereas 0.5 shows no discrimination beyond chance. The
sensitivities and specificities were plotted against various
predicted probability cut points, with the details reported
for the cut points of 0.2 and 0.6.

Performance in untested patients
The applicability of the model was assessed in a group
of 129 patients who were not tested for EGFR mutations,
but were treated with EGFR-TKIs. The validity of the
model is shown by differences in treatment outcomes in
terms of predicted mutation status, in the absence of tis-
sue testing. Patients were categorised into three muta-
tion probability groups using the cut points of 0.2 and
0.6. Overall survival and proportions remaining on
EGFR-TKI over time up to 3 years were then compared
using Kaplan-Meier estimates and log-rank tests. Overall
survival was measured from the start of EGFR-TKI to
the date of death, and surviving patients were censored
on 31 May 2018. Time on EGFR-TKI treatment was

measured from the start date to the stop date of the
treatment or date of death.

Results
Patient characteristics
A total of 3815 potentially eligible patients from north-
ern New Zealand were identified who had been diag-
nosed with non-squamous NSCLC between 1 January
2010 and 31 July 2017 (Fig. 1). Patients whose diagnoses
were made by death certificate, autopsy or an unknown
basis were excluded (n = 259). Of 3556 eligible patients,
1862 patients were not tested for EGFR mutations in-
cluding 129 patients who were treated with EGFR-TKIs.
Of the 1694 patients who were tested for EGFR muta-
tion(s), 29 were excluded due to missing smoking infor-
mation. Of the remaining 1665 tested patients, 342
(20.5%) were mutation-positive (21% in the development
group and 18% in the validation group) (Table 1). Of
339 EGFR mutation-positive patients, 164 (48.4%) had

Fig. 1 Flowchart showing the population-based retrospective cohort of patients diagnosed with non-squamous NSCLC in northern New Zealand
between 1 January 2010 and 31 July 2017, and the groups of patients used in this study (coloured)

Aye et al. BMC Cancer          (2020) 20:658 Page 4 of 12

89



exon 19 deletions, 137 (40.4%) had L858R point muta-
tions and 38 (11.3%) had other mutations (Table 1).
Thirty-seven patients (exon 20 insertions, n = 33; exon

20 T790M alone, with exon 21 L858R or exon 19 deletion,
n = 4) were categorised as EGFR mutation-negative. The
distribution of demographic, clinical and pathological

Table 1 Patient characteristics of the development, validation and non-tested EGFR-TKI-treated groups

Development group Validation group Total Non-tested EGFR-TKI treated group

N % N % N % N %

Total 1176 100 489 100 1665 100 129 100

Mutation status

No 927 78.8 399 81.6 1326 79.6 – –

Yes 249 21.2 90 18.4 339 20.4

Mutation types

Exon 19 deletion
Exon 21 L858R
Exon 18 G719X
Exon 18 G719X + Exon 20 S768I
Exon 20 S768I
Exon 20 S768I + Exon 21 L858R
Exon 18 G719X + Exon 18 E709A
Exon 21 L861Q
Exon 20 R776C + Exon 21 L858R
Exon 18 G719X + Exon 21 L861Q
Exon 19 deletion + Exon 20 S768I

117
102
12
7
2
3
2
1
1
1
1

47.0
41.0
4.8
2.8
0.8
1.2
0.8
0.4
0.4
0.4
0.4

47
35
3
3
1
0
0
1
0
0
0

52.2
38.9
3.3
3.3
1.1
0
0
1.1
0
0
0

164
137
15
10
3
3
2
2
1
1
1

48.4
40.4
4.4
3.0
0.9
0.9
0.6
0.6
0.3
0.3
0.3

– –

Age at diagnosis

< 50 yr 74 6.3 40 8.2 114 6.9 15 11.6

50–59 yr 186 15.8 92 18.8 278 16.7 36 27.9

60–69 yr 361 30.7 167 34.2 528 31.7 46 35.7

70–79 yr 412 35.0 144 29.5 556 33.4 29 22.5

> =80 yr 143 12.2 46 9.4 189 11.4 3 2.3

Sex

Male 513 43.6 218 44.6 731 43.9 54 41.9

Female 663 56.4 271 55.4 934 56.1 75 58.1

Ethnicity

NZ European 682 58.0 293 59.9 975 58.6 75 58.1

NZ Maori 175 14.9 68 13.9 243 14.6 20 15.5

Pacific 127 10.8 53 10.8 180 10.8 13 10.1

Asian 177 15.1 68 13.9 245 14.7 20 15.5

Other & Unknown 15 1.3 7 1.4 22 1.3 1 0.8

Smoking

Current smoker 264 22.5 112 22.9 376 22.6 29 22.5

Non-smoker 308 26.2 116 23.7 424 25.5 41 31.8

Ex-smoker 604 51.4 261 53.4 865 52.0 59 45.7

Extent

Localised 130 11.1 37 7.6 167 10.0 2 1.6

Adjacent or regional 266 22.6 120 24.5 386 23.2 22 17.1

Distant 561 47.7 232 47.4 793 47.6 80 62.0

Unknown 219 18.6 100 20.5 319 19.2 25 19.4

Histology

Adenocarinoma 1024 87.1 433 88.6 1457 87.5 105 81.4

Other 152 12.9 56 11.5 208 12.5 24 18.6
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factors was similar between the development, validation
and non-tested EGFR-TKI-treated groups. A majority of
patients were between 50 and 79 years old, predominantly
female, NZ European, ex-smokers, and had distant spread
of the disease at diagnosis. Most tumours were adenocar-
cinoma (Table 1).

The predictive model for estimating the probability of
EGFR mutation
In single factor analyses, sex, ethnicity, smoking status,
disease extent and histology were significantly associated
with the EGFR gene mutation status (Table 2). In the
final multivariable model including sex, ethnicity and
smoking status, females (compared to males; OR = 1.5,
95% CI 1.1–2.1), Asian and Pacific patients (compared

to European patients; OR = 2.8 and 1.6, respectively) and
non-smokers and ex-smokers (compared to current
smokers; OR = 6.7 and 2, respectively) were more likely
to harbour EGFR mutation(s) (Table 2). The nomogram
illustrates the predictive model with the estimated EGFR
mutation probabilities (Fig. 2).

Calibration of observed and predicted probabilities
In both development and validation groups, the pre-
dicted probabilities ranged from 4 to 62% (Table 3,
Fig. 3). The mean predicted probabilities fell within the
95% confidence intervals of observed probabilities for all
groups. The Hosmer-Lemeshow test showed adequate
goodness-of-fit of the model both in the development
group (p = 0.08), and in the validation group (p = 0.21).

Table 2 Single and multi-variable analysis

Single factor analysis Multivariable analysis

Mutation positive p-value OR (95% CI) p-value

N %

Total 249 21.17

Age at diagnosis 0.063

< 50 year 21 28.38

50–59 year 37 19.89

60–69 year 60 16.62

70–79 year 97 23.54

> =80 year 34 23.78

Sex < 0.001

Male 77 15.01 1

Female 172 25.94 1.5 (1.1–2.1) 0.014

Ethnicity < 0.001

NZ European 105 15.4 1

NZ Maori 16 9.14 0.7 (0.4–1.2) 0.201

Pacific 35 27.56 1.6 (1.0–2.6) 0.052

Asian 87 49.15 2.8 (1.8–4.2) < 0.001

Other & Unknown 6 40 2.5 (0.8–7.5) 0.118

Smoking status < 0.001

Current smoker 19 7.2 1

Ex-smoker 85 14.07 2 (1.2–3.5) 0.008

Non-smoker 145 47.08 6.7 (3.9–11.7) < 0.001

Extent 0.005 –

Localised 42 32.31

Adjacent or regional 50 18.8

Distant spread 106 18.89

Unknown 51 23.29

Histology < 0.001 –

Adenocarcinoma 238 23.24

Other 11 7.24
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Fig. 2 Nomogram of the EGFR mutation predictive model. The predictors are arranged based on their effect size. Asterisks refer to the levels of
statistical significance: *p < 0.05, ***p < 0.001. The square boxes show the distribution of the data. The points for each predictor are observed by
drawing a perpendicular line towards the points bar at the top of the nomogram, and are summed to obtain a total score. The estimated
probability of mutation positivity is provided in correspondence to the total score

Table 3 Calibration assessment of the EGFR mutation predictive model

Group
a

N Predicted EGFR mutation Observed EGFR mutation

Number Mean (min-max) Number Proportion (95% CI)

Development group

1 254 17 0.07 (0.04–0.08) 18 0.07 (0.04–0.11)

2 228 24 0.11 (0.09–0.11) 14 0.06 (0.04–0.10)

3 282 41 0.14 (0.11–0.15) 41 0.15 (0.11–0.19)

4 234 67 0.28 (0.16–0.38) 80 0.34 (0.28–0.40)

5 178 101 0.57 (0.39–0.62) 96 0.54 (0.47–0.61)

Validation group

1 100 7 0.07 (0.04–0.08) 7 0.07 (0.03–0.14)

2 100 10 0.10 (0.09–0.11) 9 0.09 (0.05–0.16)

3 133 20 0.15 (0.11–0.15) 15 0.11 (0.07–0.18)

4 59 14 0.23 (0.16–0.29) 13 0.22 (0.13–0.34)

5 97 48 0.50 (0.31–0.62) 46 0.47 (0.38–0.57)
a The five groups were created by the ranks of the predicted probabilities
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Discrimination between mutation positive and negative
patients
The Receiver Operating Characteristic (ROC) curves show
the probability curves with corresponding true positive
rates and false positive rates (Fig. 4). The model’s AUC
was similar in the development group (0.78) and the valid-
ation group (0.75). The maximum separation was at prob-
ability cut point of 0.2, achieving a negative predictive
value (NPV) of 90% for the development group and 91%
for the validation group; a positive predicted value (PPV)
of 46 and 41%; and an Informedness index of 0.46 and
0.43, respectively (Table 4). An NPV of 90% means that
90% of patients classified by the model as not having
EGFR mutations at this cut point, in actuality did not have
an EGFR mutation. A PPV of 46% means that 46% of pa-
tients classified by the model as having EGFR mutation, in
actuality had an EGFR mutation. An Informedness index
of 0.46 means an appropriate use of information [43].

Treatment outcomes by predicted mutation probability in
a non-tested EGFR-TKI-treated group
This group involves 129 patients treated with EGFR-
TKIs, who were not tested for EGFR mutations. Figure 5
shows that outcomes are related to the estimated prob-
ability of a mutation as given by the model. Using the
0.2 and 0.6 cut points, the median overall survival times
from starting EGFR-TKI treatment were 4 months in <
0.2 group, 5.5 months in 0.2–0.6 group, and 18.3 months

in > 0.6 group (p = 0.024). The median times on EGFR-
TKI treatment from the start date were 2months, 4.2
months, and 14 months, respectively (p < 0.001).

Discussion
We developed a model to estimate the probability of
EGFR mutation based on a population-based series of
1176 non-squamous NSCLC patients in northern New
Zealand. Our model included three predictors that were
significantly associated with the EGFR mutation status
in the multivariable analysis: sex, ethnicity and smoking
status. The female sex, Asian ethnicity and being a non-
smoker were highly associated with higher prevalence of
EGFR mutation, as observed in previous studies [1, 2].
We presented the fitted model using a nomogram, which

is an increasingly used format for clinical prediction models
for its ability to provide exact predictions [44]. We validated
the model using established performance measures [44].
The model showed good calibration with the mean pre-
dicted probabilities being within the 95% limits of the ob-
served values in all the groups for both development and
validation. The goodness-of-fit was slightly better in the val-
idation group than the development group. The AUCs of
0.78 in the development group and 0.75 in the validation
group inferred that our model performed reasonably well.
Further, in a retrospective group of NSCLC patients treated
with EGFR-TKIs without EGFR mutation testing, patients
with higher EGFR mutation probabilities estimated from

Fig. 3 Calibration plots. Assessment of the model’s internal validity using the development group (a), and external validity using the validation
group (b): the mean predicted EGFR mutation probabilities plotted against the observed mutation probabilities with their 95% CI, shown in five
groups created by the ranks of the predicted probabilities. Hosmer-Lemeshow test compares the observed and predicted probabilities: a p-value
of > 0.05 indicates good calibration
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the model had significantly longer overall survival and lon-
ger duration of EGFR-TKI treatment than those with lower
EGFR mutation probabilities.
We considered possible limitations of our model. The

patients included in our model were of necessity those

who had been tested for the EGFR gene mutation. Our
earlier work showed that EGFR mutation testing in-
creased from 3.7% of all patients in 2010 to 64.6% in
2014 in this population-based retrospective cohort [20].
In parallel, recorded EGFR mutation rates decreased
from 43.8% in 2010 to 16.8% in 2014, reflecting de-
creases in selective testing [22]. Taking into account this
variation, we assessed the external validity of the model
in the independent earlier period dataset, and the results
were similar to those in the development group. The
EGFR mutation prevalence in this study is within the
range of the largest systematic review, being 47% in
Asia-Pacific region and 12% in Australia [2]. The pre-
dictive model does not provide information about what
particular EGFR mutation may be present, which could
be important for clinical decision-making.
Models with combined clinical factors and imaging

features may improve performance in predicting EGFR
mutation status [26, 28, 33, 45–48]. However, extracting

Fig. 4 Sensitivity and specificity reports. ROC curves using the development group (a), and the validation group (b); Detailed sensitivity &
specificity report for individual cut-points using the development group (c), and the validation group (d)

Table 4 Detailed sensitivity and specificity report for EGFR
mutation predicted probability cut-points of 0.2 and 0.6

Development group Validation group

0.2 0.6 0.2 0.6

Sensitivity 68.27% 21.69% 63.33% 23.33%

Specificity 78.21% 95.25% 79.20% 96.49%

Positive predictive value 45.70% 55.10% 40.71% 60.00%

Negative predictive value 90.17% 81.91% 90.54% 84.80%

Informedness index a 0.46 0.17 0.43 0.2
a Informedness index is calculated as sensitivity+specificity-1.
Interpretation: 0 means the test is useless, 1 means the test is perfect,
and a value of > 0 means an appropriate use of information [Reference:
Youden WJ. Index for rating diagnostic tests. Cancer. 1950;3(1):32–5]
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radiological features from clinical or radiological reports
is complex unless a particular recording system is added
to routine records for this purpose. For instance, in
Zhang et al. [28] study, as many as 485 CT features were
used for their Rad_signature scoring system, which is
unlikely to be feasible in our setting. Thus, we developed
the current model with the important available clinical
factors only.
Our model includes New Zealand specific ethnicities

including Māori and Pacific people. Māori and Pacific
people have a higher incidence of lung cancer and
poorer survival, compared to the New Zealand European
population [49]. But, the testing rate was particularly
low in Māori patients compared to other ethnic groups
[22]. Our model may be helpful in addressing ethnic
disparity in lung cancer patients in New Zealand.
Moreover, a combined nomogram for both Asian and
non-Asian populations showed unsatisfactory accuracy
in the study of Gevaert et al. [26]. It claimed that Asian
patients had substantially different distributions of the
predictors. Thus, developing ethnic specific models may
be relevant in future research.
We categorised the patients into three groups based on

the probability of EGFR mutation positivity: low (< 0.2),
medium (0.2–0.6) and high (> 0.6) probability groups. We
then compared the duration of benefit and the overall sur-
vival from the start of EGFR-TKI treatment between the
three probability subgroups in a group who had been

treated with EGFR-TKIs second-line, without a tissue test
result for mutations. The outcomes were significantly
more favourable in the higher probability group than the
lower probability group with outcomes of the medium
probability group being intermediate of the other two.
These findings demonstrate that our model has the poten-
tial to predict mutation status and can differentiate be-
tween untested patients who have good outcomes from
EGFR-TKI treatment and those who will have poor treat-
ment outcomes. Thus, when testing is not possible, those
in the high probability group could be considered for
EGFR-TKI treatment. Conversely, those in the low prob-
ability group should not receive an EGFR-TKI. These
findings are consistent with published randomised con-
trolled clinical trials showing the relative benefits of
EGFR-TKIs versus chemotherapy for untested NSCLC pa-
tients to critically depend upon the proportion of patients
demonstrated to have EGFR mutations by post hoc muta-
tion testing [6, 7, 50–52].
EGFR mutation status can also be estimated by liquid

biopsy to detect circulating DNA in plasma. The sensi-
tivity of this, compared with tissue biopsy, varies consid-
erably in different series and with the methods used, but
may be about 85% in advanced disease, but lower in less
advanced cases [24, 25]. However, these methods are
expensive and not readily available in New Zealand.
False negative results are of concern. While our EGFR
mutation predictive model cannot replace molecular

Fig. 5 Survival outcomes from EGFR-TKI treatment in a group of untested NSCLC patients (n = 129) by estimated EGFR mutation probability (pr <
0.2, 0.2–0.6, and > 0.6)
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testing, in patients for whom tissue biopsy is difficult, it
could be used in conjunction with liquid biopsy, giving
further attention to patients with a high estimated prob-
ability, but a negative liquid biopsy result, suggesting a
false negative.
Our study is moderate in size, and applies to a multi-

ethnic population in New Zealand, so application to
other populations requires further studies. Our model
used only three factors, and other factors such as radio-
logical appearances, blood markers such as CEA [53], or
more precise classification of smoking history, may yield
improved models.

Conclusion
We have developed and validated a model for estimating
the probability of EGFR mutations in non-squamous
NSCLC patients based on routinely collected factors.
This model may be useful for supporting clinical deci-
sions for patients in whom mutation testing is difficult
or for use alongside mutation testing.
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Chapter 7 

Discussion 

This PhD research has attempted to fill gaps in current knowledge about the epidemiology of non-

squamous non-small cell lung cancer (NSCLC) in terms of EGFR mutation status. This area of 

research is of growing importance due to emerging personalised treatments proven to improve 

patient outcomes. In this PhD research, I have explored the following three important aspects: 

population-based incidence rates of EGFR mutation-positive and negative non-squamous NSCLC, 

factors associated with overall survival of non-squamous NSCLC in terms of EGFR mutation status, 

and a predictive model to estimate the EGFR mutation probabilities for individual patients. This 

final chapter will summarise the key findings, strengths & limitations and then discuss the policy 

and research implications.  

 

7.1 KEY FINDINGS 

7.1.1 Incidence of non-squamous NSCLC by EGFR mutation status 

The population-based age-standardised incidence rate (ASR) of non-squamous NSCLC was 22.4 

cases (95%CI 21.7-23.2) per 100,000 person-years; of which, 5.05 cases (4.7-5.4) were EGFR 

mutation-positive. The assessment of the population risk by sex, ethnicity and smoking status 

revealed that the ASRs of EGFR mutation-positive non-squamous NSCLC were 1.5-fold higher for 

women than men; approximately 3.5-fold higher for Pacific Peoples and Asians, and two-fold higher 

for Māori compared with New Zealand Europeans; but smoking history showed only a weak 

association with the disease. The study also reported the adjusted incidence rates, taking into 

account incomplete EGFR mutation testing using the regression equation published in the previous 

New Zealand study.  

7.1.2 Factors associated with overall survival of EGFR mutation-specific non-squamous NSCLC 

Survival analysis of non-squamous NSCLC by EGFR mutation status observed that median survival 

time for EGFR mutation-positive group was significantly higher than EGFR mutation-negative group: 

2.8 years (95%CI 2.48-3.77) versus 0.8 years (0.74-0.94). Presence of metastasis at diagnosis also 

demonstrated a large effect on overall survival. In subgroup analyses defined by EGFR mutation 
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status and metastasis status, the effects of age at diagnosis, smoking status and ECOG performance 

status on overall survival were similar in all subgroups. Māori patients with metastasis at diagnosis 

had lower overall survival regardless of EGFR mutation status compared to New Zealand Europeans. 

Being a female was associated with reduced overall survival in the EGFR mutation-positive group; 

and tumour site was only associated with overall survival in the patient group without metastasis. 

7.1.3 Predictive model for estimating EGFR mutation probabilities 

The study has developed an EGFR mutation predictive model, presented as a nomogram, using the 

three significant predictors: sex, ethnicity and smoking status. The model can inform the probability 

of EGFR mutation positivity for individual patients through the points corresponded to each of the 

three predictors in the nomogram.  

The model yielded good validation results in the independent validation group of patients: 

calibration assessment showed an AUC of 0.75; and discrimination assessment, using a probability 

cut-point of 0.2, showed 68% sensitivity and 78% specificity. The study further assessed the model 

performance in the group of EGFR-TKI treated patients with unknown EGFR mutation status. The 

EGFR mutation probabilities estimated by the model corresponded to the treatment outcomes: for 

predicted probability groups of <0.2, 0.2-0.6, and >0.6, median overall survival times from starting 

EGFR-TKI were 4.0, 5.5 and 18.3 months; and median times remaining on EGFR-TKI treatment were 

2.0, 4.2, and 14.0 months, respectively, with log-rank tests showing the differences were significant. 

 

7.2 STRENGTHS AND LIMITATIONS 

The strengths and limitations of the studies need to be appraised in order to interpret the results 

most appropriately. The published papers presented in the previous chapters include critical 

appraisals of the respective studies undertaken. This chapter will discuss strengths and limitations 

focusing on the main study data. 

7.2.1 Strengths 

(1) Large population-based data 

This PhD research used the population-based data of all non-squamous non-small cell lung cancer 

(NSCLC) patients in northern New Zealand, who had been diagnosed over 7.5 years between 1 
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February 2010 and 31 July 2017 (N=3815). The northern New Zealand comprises the following four 

(of total 20) contiguous District Health Board (DHB) regions: Northland, Waitemata, Auckland and 

Counties Manukau; which contribute about 40% of New Zealand population. This large data source 

produced fairly precise estimates of EGFR mutation-specific NSCLC incidence, and allowed major 

subgroup analyses for survival and estimation of EGFR mutation probabilities.  

The population-based data offers more generalisability and less selection bias than the data of 

selected cohorts as in clinical case series. Most studies in this context of EGFR mutation-specific 

lung cancer are based on the clinical data of patients who were tested for EGFR mutation. Since 

testing is selective, the clinical patient data could not depict the complete picture of the population. 

The population-based data, in contrast, represent an unbiased sample and allow more complete 

investigation of the risk of the diseases of interest in the population. 

(2) Multiple robust data sources 

The New Zealand Cancer Registry (NZCR) is a well-established legally mandated population-based 

cancer registry in New Zealand. The NZCR has routine data quality measures in place, including data 

entry validation from multiple sources, periodic manual checks of information, and the use of 

international standards.  

TestSafe is a reliable information sharing online database run by healthAlliance New Zealand, which 

provides non-clinical shared services and technology platform to the northern DHB regions, and 

managed by a Governance Group consisting of senior clinicians. By collecting laboratory, radiology 

and clinical information from various data sources into one platform, TestSafe helps cut the time 

and complete the picture of information for patient care and for research.  

Linkage of the main set of data to other key sources, such as pharmaceutical records and mortality 

records from National Collections and Surveys, has enhanced the data accuracy and completeness, 

and ensured that the study data were most recent. Individual patient medical records have 

provided information on smoking status and ECOG performance status of the patients. 

(3) Comparability of results to other reports and publications 

Since the NZCR adopts the international standard data coding and recording formats, the results 

reported in this study are generally comparable to the reports of other countries. The analyses 

conducted in the studies also ensured to follow the globally-recognised standard methods to 

maximise the transferability and comparability to a wider global context. 



 

101 

 

The study of disease incidence standardised the estimated incidence rates of EGFR mutation-

specific non-squamous NSCLC using the WHO world standard population, which has larger numbers 

in younger age groups compared to the New Zealand resident population or other standard 

populations such as European standard population (Eurostat, 2013). Therefore, for diseases that 

have higher incidence rates in older ages such as cancers, the WHO age-standardised incidence 

rates turn out to be lower than the actual incidence rates. However, using the WHO standard allows 

better comparability with other publications internationally, as the majority of them use the WHO 

world population to age-standardise the disease incidence rates. Thus, this research reported both 

observed disease incidence rates and WHO age-standardised disease incidence rates to ensure the 

optimal usefulness of the findings locally and internationally. The study of survival outcomes used 

Cox regression analysis, which is commonly used for survival analyses and widely available in 

statistical software packages. The study of development of the EGFR mutation predictive model 

followed the TRIPOD checklist (Collins et al., 2015) in reporting to ensure that the study is 

transferrable. 

7.2.2 Limitations 

(1) Limitations of routinely collected data 

This research used the routinely collected data; thus, the data obtained was not pre-designed for 

this particular research. As a result, some analyses could not include detailed information where 

relevant. For instance, smoking information was available as never-smoker, ex-smoker and current 

smoker, where more detailed information in pack-years may be useful. Disease staging information 

was available in terms of disease extent; as such, detailed stage information may allow more 

specific analyses. Moreover, the data did not contain some potentially relevant information, e.g., 

CT features, or pathological results such as WBC count, LDH or CEA. 

(2) Missing values 

Despite various efforts undertaken to complete the data, information on smoking history was 

available for patients who were tested for EGFR mutation only. This is not likely to have a substantial 

impact on analyses based on tested patients such as survival analysis and estimation of EGFR 

mutation probabilities; but, for calculations of incidence rates, about half (n=1960) of total 3815 

patients had missing smoking history, mainly of untested patients. Caution has therefore been 

taken in interpretation of the smoking-related results.  
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Disease extent information was also considerably unknown (n=292; 19%) for analysis of survival of 

EGFR mutation-specific non-squamous NSCLC. Those with unknown disease extent were grouped 

with the M0 (non-metastatic) group as they had a much lower mortality proportion (68.5% versus 

89.2%), and significantly higher median survival time (1.6 (95%CI 1.3-1.9) years versus 0.43 (0.39-

0.48) years) compared to those with distant metastatic disease. It is, however, likely that this may 

have attributed to some degree of misclassification.  

The proportion of patients with missing values for performance status (n=129; 7.6%) and ethnicity 

(n=39; 1%) were minimal and were therefore excluded in the respective analyses.  

(3) Applicability of findings  

The findings from this research are applicable concept-wise globally; for instance, the incidence 

rates and the risk of non-squamous NSCLC based on EGFFR mutation status may significantly differ 

among different populations. However, the findings in some specific aspects, such as survival 

outcomes and the predictive model for estimating EGFR mutation probabilities, may not be relevant 

to other countries due to the focus on New Zealand-specific ethnicities.  

Some aspects of this research may need updating as this field of medicine and clinical research is 

advancing rapidly. For instance, new EGFR mutation testing guidelines and testing techniques may 

be developed, or more targeted treatments with improved survival outcomes may be discovered 

in the immediate future. Some important developments have already taken place during these PhD 

studies, e.g., FDA’s approval of dacomitinib on the 27th of September 2018. This PhD research 

reviewed the literature available at the beginning of the PhD, and the analyses were based on the 

2010-2017 retrospective cohort data; therefore, some of the findings from this research may be 

limited to apply in the current setting or in the future.  

 

7.3 IMPLICATIONS 

This PhD research addressed a disease of high health burden with emerging advanced treatments 

for better patient outcomes. The research ultimately aimed to improve the outcomes of lung cancer 

patients and contribute subject knowledge to the relatively new area of lung cancer epidemiological 

research. Based on the findings from the three main studies undertaken, the following sections will 
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discuss policy and clinical implications and recommendations for future research to contribute to 

improving the outcomes and reducing the health burden of lung cancer.  

7.3.1 Policy and clinical implications 

This PhD research indicates room for improvement in the following areas.  

(1) Data enhancements  

Information on disease staging at diagnosis is fundamental in cancer research. The survival analysis 

in this research also highlighted the significance of disease extent information in investigating the 

overall survival of the disease. Despite a well-established data recording system, the NZCR data had 

missing disease extent information for approximately 19% among tested patients, or 28% of the 

whole cohort of patients in this research. The NZCR primarily gathers disease extent information 

from pathology reports (additionally by linking with the New Zealand Ministry of Health databases 

such as National Minimum Dataset and Mortality Collection), where the information is mainly 

complete for surgically resectable tumours (Ministry of Health NZ, 2020).  

The NZCR expanded to recording clinical TNM staging data following the announcement of Cancer 

Control New Zealand and the Ministry of Health in 2011. It records tumour size and local extent (T), 

nodal involvement (N), and presence of metastasis (M); structured in line with Royal College of 

Pathologists of Australasia (RCPA) protocols. However, this set of information also remains 

substantially incomplete, at least for the lung cancer patients. This area could be addressed in 

review of cancer reporting and recording to ensure data enhancement measures will take place in 

time.  

Since smoking history is crucial information in lung cancer, the clinical data system should 

encourage recording it in a unified standard format, e.g. in pack-years, to avoid incomplete 

information. Recording smoking information in the NZCR may also be fruitful to conduct various 

studies in the future without needing to link with the individual patient medical records to obtain 

smoking information. 

(2) Lung cancer control in relation to EGFR mutation 

Until recently, classification of lung cancer focused on histological types. With the increased 

understanding of oncogenic drivers and developing targeted treatments, EGFR mutation status now 

plays a role in defining types of lung cancer. While EGFR mutation-negative NSCLC patients may 
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undergo conventional treatment pathways, EGFR mutation-positive patients are eligible for 

treatment with EGFR-TKI therapy, which is a preferred treatment due to proven improved 

outcomes. Besides the treatment aspect, this research evidenced contrasting population risks and 

survival of EGFR mutation-positive and negative NSCLC. In light of different aetiology, management 

and outcomes, it is high time to consider EGFR mutation-positive disease as a distinct disease. The 

findings of high incidence rates of EGFR mutation-positive lung cancer being comparable to many 

other common cancers in this research has underlined its burden to the health system and nation. 

Current understanding of lung cancer and interventions primarily apply to smoking-related lung 

cancer, which is mainly contributed by EGFR mutation-negative lung cancer. Therefore, it is crucial 

to develop specific agenda for tackling EGFR mutation-specific lung cancer. It may involve 

addressing multiple areas, including early diagnosis, detection of EGFR mutation, and consideration 

of disparities; these will be elaborated further below.  

(3) Early diagnosis of EGFR mutation-specific lung cancer  

The topic of implementing lung cancer screening has been under debate for decades. CT screening 

is promising for early diagnosis of lung cancer thereby reducing the lung cancer mortality (de Koning 

et al., 2020); however, a cost-effective strategy is essential in implementing lung cancer screening 

programmes. A previous large review proposed lung cancer screening eligibility criteria to identify 

the high risk individuals to take on a CT screening. It recommends to screen 55-80 years old 

individuals every year, who smoke a minimum of 30 pack-years, currently or quitted within last 15 

years (de Koning et al., 2014; Humphrey et al., 2013). It essentially means lung cancer screening 

focuses on current or former smokers.  

This PhD research has identified differential risk factors for lung cancer based on EGFR mutation 

status. Smoking is the most important risk factor for EGFR mutation-negative lung cancer, with ASRs 

showing ever-smokers had 7.9 times higher risk than never-smokers. On the contrary, presence of 

smoking history only slightly increased the risk of EGFR mutation-positive lung cancer (SIR 1.25 

(95%CI 1.02-1.53)). Previous research has also acknowledged the substantial contribution of non-

smoking related lung cancer to the total lung cancer cases, which may partly be explained by EGFR 

mutation-positive lung cancer. These imply that determining ever-smokers high-risk and targeting 

those for lung cancer screening mainly relate to EGFR mutation-negative lung cancer. Health policy 

should also consider EGFR mutation-positive lung cancer when planning and implementing lung 

cancer screening programmes. Additionally, Māori and Pacific Peoples showed a substantially 

higher risk of EGFR mutation-positive lung cancer compared to New Zealand Europeans. Equitable 

early diagnosis of EGFR mutation-positive disease may mean narrowing down the ethnic disparities 
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in lung cancer. Recent research has suggested using biomarkers for lung cancer screening (Seijo et 

al., 2019); although it has challenges and requires multiple steps to bring it into practice, 

biomarkers-based lung cancer screening may be a possible solution in the long term to identify lung 

cancer cases at an early stage. 

(4) Improving EGFR mutation testing 

Testing for EGFR mutation is a gateway for eligible patients to access EGFR-TKI treatment. Evidence 

of incomplete testing in this research implies that a number of lung cancer patients cannot access 

EGFR-TKI treatment due to the lack of testing results, who would have in fact tested EGFR mutation-

positive. Thus, health policy should emphasise improving EGFR mutation testing. Firstly, national 

governments could consider more investment in molecular diagnostic facilities. Currently, the 

Roche Cobas® test is available in two public and one private laboratories; and the OncoFOCUSTM 

test is available in one public and one private laboratories (as described in Section 3.1). Increased 

number of facilities may enhance testing opportunities. Secondly, it is crucial to continue funding 

of EGFR mutation testing since testing rates are influenced by the availability of funding (Ellis et al., 

2013). Thirdly, testing guidelines needs to be reinforced, indicated by the evidence of selective 

referral practice (Tin Tin et al., 2018). Finally, continuous monitoring of adherence to testing 

guidelines can ensure that all eligible patients are tested for EGFR mutation as recommended by 

the guidelines.  

(5) Detecting EGFR mutation when biopsy is unavailable 

Biopsy remains the gold standard specimen for detecting EGFR mutation; however, lung cancer 

patients may present at an advanced stage and many patients cannot undergo biopsy procedures. 

This calls for strategies to detect EGFR mutation in less invasive ways. A number of techniques are 

developing with varying advantages and disadvantages. The use of liquid biopsy among others is 

increasingly common in some settings; however, such liquid biopsy methods using plasma are not 

readily available in New Zealand due to the limited facility and very high costs. New Zealand has 

only one funded facility that perform mutation testing using plasma; the plasma samples need to 

be sent overseas for mutation testing otherwise, costing about NZD 4000. Further work needs to 

be done to identify the test that is the most cost-effective, least invasive, widely available, and can 

overcome the difficulty of obtaining adequate tissue samples from the advanced stage patients.  

Where tissue biopsies are unavailable, the statistical model developed in this PhD research can 

serve as a potential tool to predict the EGFR mutation status only based on the routinely collected 
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data in a simple and non-invasive way, basically at no cost. It gives information useful for medical 

oncologists and patients in decision-making on further procedures such as invasive tumour biopsy 

or non-invasive testing using plasma considering the likely risk and cost. It can also provide a 

justifiable ground for treating patients with EGFR-TKI without molecular confirmation when the 

pre-test probability is high combined with certain clinical conditions. The model can also act as an 

adjunct tool to other techniques to monitor false-positive or false-negative results. Thus, the use of 

the EGFR mutation predictive model in patient care settings and multi-disciplinary meetings may 

bring multiple advantages to clinical practice.  

(6) Disparities among ethnic populations 

In New Zealand, Māori and Pacific Peoples are the populations of great interest as studies 

documented that these populations are at a historical disadvantage in many areas. Previous 

research has observed a higher incidence of lung cancer and poorer survival for Māori and Pacific 

Peoples (Ministry of Health, 2016b). The EGFR mutation testing rate was particularly low in Māori 

patients compared to other ethnic groups (Tin Tin et al., 2018). This research also supported those 

findings, and additionally observed the disparities in the incidence rates of EGFR mutation-positive 

lung cancer: Based on the population-based ASRs, Pacific Peoples had 3.5 times increased risk of 

EGFR mutation-positive non-squamous NSCLC, and being Māori doubled the risk of the disease 

compared to New Zealand Europeans. Therefore, further work is needed to better understand the 

causes of these disparities and how to alleviate them when implementing future health strategies. 

7.3.2 Future research 

(1) Identifying areas to enhance EGFR mutation testing  

This research observed that only 44.8% of all non-squamous NSCLC had been tested for EGFR 

mutation despite the NHC’s recommendations to have any-stage NSCLC patients with all 

histological types except confidently diagnosed squamous cell carcinoma tested for EGFR mutation 

(NHC, 2013). As such, investigating enablers and hindrances for having all eligible patients tested 

would be crucial to improving testing referral and testing rates. 

Research should also endeavour to recommend alternative or adjunct techniques for detecting 

EGFR mutation that are less-invasive, cost-effective, and readily available, especially for patients 

who cannot undertake tissue biopsy procedures.  
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(2) Aetiology of EGFR mutation-positive lung cancer  

This research has evidenced that EGFR mutation-positive lung cancer had contrasting population 

risk factors to those of EGFR mutation-negative lung cancer. Current interventions for lung cancer 

prevention and early diagnosis mainly focus on smoking-related lung cancer, which is 

predominantly attributable to EGFR mutation-negative lung cancer. Exploring the aetiology of EGFR 

mutation-positive lung cancer in future research will inform health policy for planning and 

implementing effective prevention and early diagnosis strategies.  

(3) Analyses with improved data in the future 

A recent systematic review conceptualised that EGFR mutation-positive proportions would 

decrease as EGFR mutation testing became more complete (Thi et al., 2020). The current research 

used a regression equation to adjust the incidence rates for incomplete testing, which was 

formulated by the previous New Zealand study based on the similar New Zealand patient cohort 

from an earlier period as this research, but it has not been validated (Tin Tin et al., 2018). As the 

testing referral practice is changing and testing becomes more complete, it would be fruitful to 

reassess the population risk factors for disease incidence in the future to inform health policy more 

accurately reflecting the changing situations.  

This research conducted subgroup analyses where relevant; however, the numbers were limited to 

an extent for some of the analyses, e.g., the survival analysis for the EGFR mutation-positive group. 

With a higher number of EGFR mutation-positive cases being identified, future studies can perform 

subgroup analyses with a better statistical power. It may also allow more detailed analyses by 

combining factors such as male smoker, female smoker, male Māori, female Māori and so on. 

More complete information such as smoking history in pack-years and detailed disease stage 

information may improve the analyses and interpretation of the results. Likewise, additional 

information such as co-morbidities and co-mutations may assist in better understanding of the 

context. Specific information such as CT radiomic features and pathological characteristics may 

improve the precision of the survival models as well as the EGFR mutation predictive model 

according to the findings of the previous studies, Mahar et al. (Mahar et al., 2015) and those in 

Table 6.1. Since types of EGFR mutation relate to EGFR-TKI sensitivity (Santoni-Rugiu et al., 2019), 

investigations specific to types of EGFR mutation, such as exon 19 deletion, L858R or T790M, would 

be beneficial in the future research.  
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7.4 CONCLUSIONS  

EGFR mutation-positive lung cancer represented a subtype of non-squamous NSCLC that had a 

distinct risk factors and survival outcomes from EGFR mutation-negative disease. Analyses 

estimating the incidence of EGFR mutation-positive non-squamous NSCLC showed that the disease 

was as common as other major cancers in the population, e.g., gastric cancer, brain cancer. In 

addition, the population-based risk of EGFR mutation-positive non-squamous NSCLC was 

significantly higher in females than males, and in Māori, Pacific Peoples and Asian than in New 

Zealand Europeans, but was only marginally higher in smokers than non-smokers. Analyses 

assessing various clinico-pathological factors associated with overall survival of non-squamous 

NSCLC showed that overall survival depended mostly on EGFR mutation status and metastasis 

status at diagnosis. Age, smoking history and performance status of patients had similar effects on 

overall survival in all subgroups, but sex, ethnicity and tumour site showed varying patterns of 

effects on overall survival based on EGFR mutation status and metastatic status. The research has 

developed a model to predict the EGFR mutation status of an individual patient before testing, 

which showed good validity and performance. The use of the model in clinical practice may facilitate 

the identification of NSCLC patients who will benefit from EGFR-TKI treatment especially for those 

for whom tissue-based diagnosis is impossible. 
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