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Abstract 

 

Introduction:  Epidemiological and toxicological evidence has indicated that PM10 and PM2.5 

exposure increase the incidence and mortality of lung cancer. It is possible that PM10 and PM2.5 

exposure also reduce length of lung cancer survival from the time of diagnosis. This thesis aims 

to examine the survival differences among lung cancer patients exposed to different levels of 

particulate matter.  

 

Methods: This thesis conducted a secondary analysis of the association between PM2.5 and 

PM10 exposure and survival from lung cancer. Exposure data were obtained from the Ministry 

of Health and the Land Air Water Aotearoa. Participants consisted of Christchurch residents 

initially diagnosed with lung cancer in 2014. The Kaplan-Meier method was used for survival 

analysis and the log-rank test was conducted to compare whether survival probabilities differed 

between groups. Temperature, wind speed, relative humidity, O3, NO, NO2, SO2, CO, PM10 

and PM2.5 (p<0.05 in univariate analysis) were included in the multivariable Cox proportional 

hazards model. Age and socioeconomic status were also included in the multivariable Cox 

proportional hazards model due to their important effect on lung cancer survival. In the 

competing risk model, death from lung cancer was regarded as the major event, and death from 

causes other than lung cancer was deemed the competing risk event. Adjusted survival curves 

for PM10 were drawn in accordance with the results of the Cox proportional hazards model.  

 

Results: A total of 176 lung cancer patients were eligible for the analysis. The lung cancer-

specific mortality was 5.24 (95% CI: 2.88, 9.53) times higher in the high PM10 exposure group 

(PM10>19.82μg/m3) than in the low PM10 exposure group (PM10≤19.82μg/m3) in multivariable 

Cox proportional hazards model. The HR decreased to 1.87 (95% CI: 1.16, 2.98) in the 

competing risk model. The association between PM2.5 exposure and lung cancer survival was 

not statistically significant. For PM10, the high exposure group (150 days) suffered from a 193-

day reduction in median survival time compared with the low exposure group (343 days) after 

adjusting age, socioeconomic status, temperature, wind speed, relative humidity, O3, NO, NO2, 

SO2, CO and PM2.5.  

 

Discussion: The correlation coefficient between PM and lung cancer mortality increases with 

the lagged years, reaching 0.9 in the fourth year and the highest in the seventh year. Therefore, 
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higher HR values for PM10 observed in this thesis can result from considering the latency effect 

of PM exposure. The association between PM2.5 exposure and lung cancer survival was not 

statistically significant. Highly correlated variables in this thesis may cause this result. Based 

on a shrunken survival time (a 193-day decrease in median survival) in the high PM10 exposure 

group (PM10>19.82μg/m3), this thesis proposes that PM10 exposure accelerates lung cancer 

progression in lung cancer patients.  

 

Conclusion: The finding that high PM10 exposure shortens lung cancer survival adds support 

for lung cancer patients to take action to reduce PM10 exposure, such as using an air purifier 

and avoiding outdoor activities when PM10 concentration is high. Future work can use the 

satellite-based measurement for accurate PM exposure estimates, increase the sample size, 

utilise a Cox proportional hazards model with time-dependent covariates or a non-proportional 

hazard model to deal with the inconstant hazard between high and low wind exposure groups, 

and account for additional variables, e.g., smoking, marital status and such.  

 

Keywords: PM, Lung cancer, Cancer survival  
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Chapter 1: Introduction 

 

1.1 Airborne Particulate Matter Pollution  

 

According to the United States Environmental Protection Agency (US EPA) (2021b), particle 

pollution, also called particulate matter (PM), can be defined as a mixture of solid particles and 

liquid droplets suspended in the air. PM includes total suspended particulates, PM10, PM2.5 and 

PM0.1. Total suspended particles have aerodynamic diameters ≤100μm (European Environment 

Agency, 2020). PM10 (inhalable particle) and PM2.5 (fine particle, fine particulate matter) can 

be defined as particles with aerodynamic diameters that are equal to and less than 2.5 

micrometres and particles with aerodynamic diameters that are equal to 10 micrometres and 

smaller, respectively (US EPA, 2021b). PM0.1 (ultrafine particle, ultrafine particulate matter) is 

a particle with an aerodynamic diameter smaller than 0.1μm (Terzano et al., 2010).  

 

The sources of these particulates can be divided into natural and anthropogenic. The former is 

caused by natural phenomena, for instance, sandstorms, volcanic eruptions, forest fires, sea salt 

and pollen (Australian Government Department of the Environment, Water, Heritage and the 

Arts, 2009; Hussein et al., 2020; Stats NZ, 2018). Anthropogenic PM originates from the 

combustion of fuels -- coal, briquettes, liquid petroleum, kerosene, gasoline and wood in human 

production and living activities (Hopke et al., 2020). Industrial production processes such as 

power plants, iron and steel mills, minerals smelters and cement works also contribute to 

particulate pollution (Australian Government Department of the Environment, Water, Heritage 

and the Arts, 2009). Particulate matter from industrial sources often contains specific hazardous 

substances such as lead and arsenic (Tan et al., 2017). In addition, road and construction dust 

is critical manmade sources of particulate matter in many countries like New Zealand (Ministry 

for the Environment & Stats NZ, 2021).  

 

PM of different sizes has different deposition sites in the respiratory tract. Most particles above 

10μm are retained in the oropharyngeal region (Labiris & Dolovich, 2003). Particles in the 2 

to 10μm range are mostly deposited in the trachea and bronchi (Thakur et al., 2020). Particles 

between 0.5 and 2μm show the highest deposition in the bronchioles and alveoli (Darquenne, 

2012). Particles below 0.5μm are usually not deposited in the alveoli and are expelled upon 
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exhalation (Tena & Clara, 2012). As a result, particles ranging in size from 0.5μm to 10μm can 

reach and deposit deep into the respiratory tract.  

 

The particle size of particulate matter is different, and the content of their harmful substances 

is also different. Even if PM10 can act as the carrier of other pollutants such as Fe, Al, Cu, Ni 

and Ba (Zhi et al., 2021), polycyclic hydrocarbons and toxic elements like Pb, Cd, Ni, Cu and 

Zn are mainly attached to the particles below 2.5μm (Duan et al., 2014; Li et al., 2012; Wang 

et al., 2016). Therefore, harmful substances are more likely to adhere to PM with a small 

diameter.  

 

Clearance of particulate matter deposited in the respiratory tract is an important part of the 

defence function of the respiratory system. Different parts of the respiratory tract have different 

clearance mechanisms. According to the US EPA (2021a), particulate matter deposited in the 

oropharynx can be excreted by coughing or nasal secretions or swallowed into the digestive 

system. The mucosal surface of the tracheobronchial airways is covered by cilia and secretes 

mucus (Bustamante-Marin & Ostrowski, 2017). Through cilia movement, the particles 

deposited in the tracheobronchial region can be translocated to the oropharynx along with the 

mucus (Stuart, 1984). Eventually, the particle-loaded mucus is swallowed or expectorated. The 

mucociliary clearance is relatively rapid, and the particles deposited in the lower respiratory 

tract can be removed within 24 hours under normal circumstances (US EPA, 2021a). The 

scavenging of particulate matter in alveoli is mainly accomplished by phagocytosis (Stuart, 

1984). Particles can be phagocytosed by macrophages and then excreted through the 

mucociliary system or into the lymphatic system (ibid.). Fine particles can directly pass through 

the alveolar epithelium into the pulmonary interstitial and finally enter the pulmonary blood or 

lymphatic system (US EPA, 2021a).  

 

As aforementioned, PM10 and PM2.5 can reach and deposit deep into the respiratory tract and 

contain more harmful substances so that they can cause much stronger health effects than other 

size fractions. Under such a background, this thesis only deals with PM10 and PM2.5. The WHO 

updated particulate matter guidelines in 2021 (World Health Organisation [WHO], 2021), 

which is the first update in 16 years. The revised PM guidelines are more rigorous than the 

2005 ones, reflecting no threshold concentration below which there are no effects on human 

health (Table 1-1).  
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Table 1-1  

Comparison of 2005 and 2021 WHO PM10 and PM2.5 guidelines (WHO, 2021, p. 136) 

Pollutant Time covered 

Limit in air (µg/m3) 

2005 2021 

PM10 

Annual 20 15 

24-hour 50 45 

PM2.5 

Annual 10 5 

24-hour 25 15 

 

The composition ratio of particulate pollutants with different sizes relates to their formation 

mechanisms and sources. In the particulate matter from the residential energy sector, PM2.5 

accounts for the majority. However, less than 10% of PM2.5 is generated from road dust (Stats 

NZ, 2021b). Studies in New Zealand (National Institute of Water and Atmospheric Research, 

2019), China (Wang et al., 2013) and other counties like the UK (Mohammed et al., 2017) have 

found that 20% to 82% of PM10 is PM2.5. In recent years, Ministry for the Environment and 

Stats NZ has systematically analysed the sources of inhalable and fine particles, and initially 

found out the characteristics of their origins (Appendix 1). For instance, among the sources of 

PM10 emissions in 2019 (Stats NZ, 2021b), energy combustion contributed about 34.8%, 

followed by road dust (29%), biomass burning (12.9%) and traffic emissions (7.1%). Non-

combustion construction and non-combustion industrial production accounted for 5.8% and 

4.1%, respectively. The proportion of agriculture and waste incineration is 3.4% and 2.9%.  

 

1.2 PM10 and PM2.5 exposure and Lung Cancer 

 

Epidemiological and toxicological evidence has indicated that PM10 and PM2.5 exposure 

increase the incidence and mortality of lung cancer. Epidemiological studies have consistently 

indicated the detrimental effect of PM10 and PM2.5 exposure on lung cancer incidence and 

mortality. Hamra et al. (2014) conducted meta-analyses of studies investigating the correlation 

of a 10 μg/m3 increase in PM2.5 and PM10 with lung cancer. They found that relative risks for 
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lung cancer associated with PM2.5 and PM10 are 1.09 (95% CI: 1.04, 1.14) and 1.08 (95% CI: 

1.00, 1.17), respectively. A stronger association between long-term PM2.5 exposure and lung 

cancer mortality was observed by Cakmak et al. (2018), with HR = 1.26 (95% CI: 1.04, 1.53) 

per 10 μg/m3 increase in long-term PM2.5 exposure. Furthermore, Liao et al. (2020) predicted 

the specific number of PM2.5-induced lung cancer incidence and mortality at the county level 

in China. Their findings suggested that lung cancer incidence and mortality attributed to PM2.5 

were 47.63 and 39.38 per 100,000 in 2015. These research outcomes show that exposure to 

inhalable and fine particles causes increased and excess lung cancer incidence and mortality.  

 

Notably, there is a latency effect of PM exposure on lung cancer. In other words, the influence 

of PM exposure on the development of lung cancer becomes apparent over time. However, the 

latent period is variable, ranging from three weeks to 30 years. PM2.5 and PM10 exposure are 

related to lung cancer mortality with a 3-week lag (Chung et al., 2021). A longer lag time was 

observed by Song et al. (2017) and Wang et al. (2020), with 10 years. The longest time, up to 

30 years, was reported by Lipfert & Wyzga (2019). The correlation coefficient between PM 

and lung cancer mortality increases with the lagged years, reaching 0.9 in the fourth year and 

the highest in the seventh year (Figure 1-1) (Tie et al., 2009). Conversely, Krewski et al. (2009) 

set three PM2.5 exposure time windows (1-5 years, 6-10 years, 11-15 years), but no one 

exposure time window demonstrates the most significant HR of lung cancer mortality. Their 

result can be caused by an inadequate PM2.5 database (Lipfert & Wyzga, 2019) or the high link 

between PM2.5 concentrations in the lagged time (Lepeule et al., 2012).  
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Figure 1-1  

Correlation coefficient between aerosol optical extinction coefficients (AEC) (10-6 m-1) and 

lung cancer mortality for different time-lags (year) (Tie et al., 2009, p. 2376) 

Note. AEC: an indicator of PM concentration 

 

Researchers worldwide have shown the biological mechanisms by which particle pollution 

damages lung cancer cells. Firstly, particulate matter can have carcinogenic effects. Li et al. 

(2018) reviewed previous studies and summarised that PM2.5-induced lung cancer results from 

epigenetic variations (microRNA dysregulation, gene mutations and DNA methylation), 

microenvironmental alterations, and cell autophagy and apoptosis. For inhalable particles, 

PM10 exposure can activate STAT3 pathways that contribute to cell proliferation and the 

inhibition of cell apoptosis, resulting in the occurrence of lung cancer (Reyes-Zárate et al., 

2016).  

 

Secondly, PM can promote the development of lung cancer. In other words, particulate 

pollution can foster the growth and metastasis of tumour cells. According to Chi et al. (2018) 

and García-Cuellar et al. (2021), lung cells are converted from the epithelial to mesenchymal 

phenotype due to PM2.5 or PM10 exposure. These cells become invasive and increased motility 

after epithelial-mesenchymal transition (EMT), causing lung tumour metastasis. Another 
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pathway by which PM10 and PM2.5 exposure lead to lung cancer metastasis is STAT3 activation 

(Chen et al., 2019; Reyes-Zárate et al., 2016). Furthermore, PM2.5 induces the distant metastasis 

of lung cancer by promoting the stem cell properties of cancer cells (Pan et al., 2022). In 

conclusion, toxicological evidence proves that PM exposure can cause and promote lung cancer.  

 

1.3 Problem Statement and Rationale 

 

Epidemiological and toxicological evidence has indicated that PM10 and PM2.5 exposure 

increases lung cancer incidence and mortality. It is possible that PM10 and PM2.5 exposure also 

reduce length of lung cancer survival (LCS) from the time of diagnosis. However, the evidence 

showing  exposure to particulate matter leads to shortened survival from the first diagnosis of 

lung cancer is unclear. As a result, the PM10-LCS and PM2.5-LCS association has important 

implications for care planning for lung cancer treatment and understanding prognosis. 

 

In line with chapter 2.1, Eckel et al. (2016), Nakharutai et al. (2022) and Xu et al. (2013) 

calculated PM10 and PM2.5 exposure intervals from the time of diagnosis to death without 

considering the latency effect of PM10 and PM2.5 exposure. Therefore, their research outcomes 

can be inaccurate. Accounting for the latency effect of PM exposure is crucial to accurately 

assess the PM10-LCS and PM2.5-LCS association.  

 

1.4 Goal and Objectives 

 

This thesis aims to examine the survival differences among lung cancer patients exposed to 

different levels of particulate matter. This thesis conducted a secondary analysis of the 

association between PM2.5 and PM10 exposure and survival from lung cancer.  

 

Exposure data were obtained from the Ministry of Health and the Land Air Water Aotearoa. 

Participants consisted of Christchurch residents initially diagnosed with lung cancer in 2014. 

This thesis also assessed individual average PM10 and PM2.5 exposure from four years before 

the first diagnosis till the time of death or the cut-off period (31/12/2018) and quantified the 

lung cancer survival time in different PM10 and PM2.5 exposure groups.  

 

The hypotheses were as follows:  



17 

 

 

 

H0: Survival time in high and low PM10 and PM2.5 exposure groups was the same  

H1: Survival time in high PM10 and PM2.5 exposure group was shorter or longer than in 

low PM10 and PM2.5 exposure group  

 

1.5 Thesis Organisation 

 

The remaining chapters are organised as follows:  

 

Chapter 2 reviews recent publications on PM10- and PM2.5-related lung cancer survival and 

associated areas. Previous studies are examined from the visual angle, exposure assessment 

and current results. Also, this chapter reviews possible variables influencing PM10- and PM2.5-

related lung cancer survival. These variables include demographic variables, cancer 

characteristics, meteorological variables and gaseous pollutants.  

 

Chapter 3 describes where the data sets are obtained, the problems with raw data, how raw data 

are converted to a suitable formation for use in the analyses, and what data analysis methods 

are employed.  

 

Chapter 4 presents the results found. It contains the selection of eligible cases and various 

statistical analyses performed with Excel and R software.   

 

Chapter 5 discusses the findings and positive and negative aspects of the thesis. The main 

results are compared with other studies in this chapter.  

 

Chapter 6 is the conclusion of the thesis. The contributions of the thesis are presented in this 

chapter. Besides, feasible future research to extend the work and alternative resolutions to 

remove the limitations of the thesis are given. 

 

Finally, the references and appendices used in this thesis are listed.   
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Chapter 2: Review of the literature 

 

In this chapter, literature on PM10- and PM2.5-related lung cancer survival was thoroughly 

reviewed. Previous studies were reviewed from the visual angle, exposure assessment and 

current results. Then, risk and protective factors influencing the effect of inhalable particle and 

fine particulate matter exposure on the length of lung cancer survival were reviewed.  

 

2.1 Impacts of PM10 and PM2.5 Exposure on Lung Cancer Survival  

 

Although many articles mentioned survival time in their studies, survival data were only used 

to investigate the relationship between PM10 and PM2.5 exposure and lung cancer mortality by 

Cox proportional hazards models (Abdul Wahab et al., 2019; Carey et al., 2013; Dockery et al., 

1993; Erickson et al., 2020; Etchie et al., 2017; Jerrett et al., 2013; Samoli et al., 2021). Besides, 

the subject in their studies was all people rather than lung cancer patients. However, this thesis 

concentrates on lung cancer patients’ survival time. In accordance with this focus, only three 

publications were eligible (Eckel et al., 2016; Nakharutai et al., 2022; Xu et al., 2013). 

 

2.1.1 Visual Angle of Previous Research 

 

When studying the relationship between PM10 and PM2.5 exposure and lung cancer survival, 

visual angles of research can be divided into clusters and individuals. Xu et al. (2013) regarded 

cancer cases in Honolulu County and Los Angeles County (LA) as a low exposure group and 

a high exposure group, respectively. Then, Xu et al. (2013) redivided lung cancer patients in 

Honolulu and LA into high and low groups by individual exposure levels. However, Nakharutai 

et al. (2022) and Eckel et al. (2016) only stratified lung cancer patients in line with individual 

exposure levels. Aggregate level data cannot be extrapolated to the personal level (Alexander 

et al., 2015). Thus, individual level data should be used whenever possible.  

 

2.1.2 Exposure assessment 

 

Monitoring-based and satellite-based methods are two primary sources of PM concentrations 

(Shin et al., 2020). Xu et al. (2013), Nakharutai et al. (2022) and Eckel et al. (2016) derived air 

pollutant data sets from ground monitoring stations. Such an approach has been used in many 
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other related articles. Etchie et al. (2017) collected continuous air pollution samples. A total of 

756 samples were collected between February 2013 and June 2014 in Nagpur, India. In 

Malaysia, particulate matter data were derived from the Ministry of Natural Resources and 

Environment of Malaysia (Abdul Wahab et al., 2019).  

 

On the other hand, a satellite-derived PM measuring method has been employed. Jerrett et al. 

(2013) used land use regression (LUR) models to predict personal PM2.5 exposure at the home 

address (zip code) in California. LUR builds statistical models by combining measurements at 

locations with spatial variables to predict concentrations at unmeasured sites (Hoek et al., 2008). 

However, LUR models are constrained to individual cities (ibid.). Satellite-based land-use 

regression models are developed to solve this problem. The Europe-wide hybrid LUR model 

is now broadly used in Europe (Bauwelinck et al., 2022; Lequy et al., 2022; Samoli et al., 2021). 

Such a model incorporates monitoring data, land use, traffic data, satellite observations and 

dispersion parameters. A high-resolution satellite-derived PM2.5 model from optimal estimation 

and geographically weighted regression was developed by van Donkelaar et al. (2015). This 

model combines satellite measurements from the Moderate Resolution Imaging 

Spectroradiometer on a 1 km2 grid cell and employs the GEOS‐Chem chemical transport model 

to relate aerosol optical depth to near‐ground PM2.5 (Etchie et al., 2018; Pinault et al.,2017).  

 

Although the monitors usually hourly measure the PM concentration, they have a spatial and 

temporal coverage limitation. In many regions, monitors are typically in urban or suburban 

areas (Shin et al., 2020), resulting in the lack of data on PM concentration in rural and 

mountainous regions. Moreover, many countries have not routinely measured PM2.5 

concentration until recent years (Lepeule et al., 2012; Wang et al., 2018). Therefore, it is 

impossible to evaluate the influences of PM on lung cancer based on the monitoring data in 

these rural regions and countries. However, a satellite-based estimation can remedy this 

deficiency. Moreover, a high consistency between satellite-based and monitoring-based 

approaches has been demonstrated (R2 = 0.81) (van Donkelaar et al., 2016). Thus, it is reliable 

to use the satellite-based approach to calculate PM concentrations. Likewise, the satellite-based 

method has limitations and challenges, such as satellite-based model variables with missing 

values, sparsely distributed ground-calibrated monitoring stations and operationally complex 

satellite-based models (Shin et al., 2020).  
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Assessment of particulate exposure period does not change. Eckel et al. (2016), Nakharutai et 

al. (2022) and Xu et al. (2013) calculated exposure time from the date of diagnosis to death, or 

the end of the study, or loss to follow-up, whichever occurred first. However, Nakharutai et al. 

(2022) regarded PM2.5 exposure as a time-varying variable and updated it annually in CPHM 

to accurately evaluate the PM2.5-LCS association. In other related studies, Erickson et al. (2020) 

and Pinault et al. (2016) considered 3-year PM2.5 exposure before cohort entry to increase the 

stability of exposure estimates and to ensure the exposure precedes death. As described in 

chapter 1.2, PM10 and PM2.5 exposure have a latency effect on human health (Chung et al., 

2021; Song et al., 2017; Tie et al., 2009; Wang et al., 2020). This delay ranges from three weeks 

to 30 years.  

 

2.1.3 Current Results 

 

Current results have shown that high PM10 and PM2.5 exposure results in short survival 

probability (Eckel et al., 2016; Nakharutai et al., 2022; Xu et al., 2013). To be specific, 

Nakharutai et al. (2022) conducted a cohort study in the north of Thailand consisting of patients 

diagnosed with lung cancer from 1 January 2003 to 31 December 2018. Their results from the 

Cox proportional hazards model (CPHM) showed that high residential PM2.5 exposure is 

associated with a higher risk of all-cause death (HR = 1.06; 95% confidence interval [CI]:1.01–

1.11) than a low PM2.5 exposure after controlling for potential confounders. Eckel et al. (2016) 

also used CPHM to analyse a cohort of 352,053 Californians newly diagnosed with lung cancer 

from 1988 to 2009. They reported that adjusted HRs for lung cancer-specific death are 1.11 

(1.10-1.11) for a 12.1 μg/m3 increases in PM10; 1.15 (95% CI 1.14 - 1.16) for a 5.3 μg/m3 

increase for PM2.5. In contrast, Xu et al. (2013) used the competing risk model (CRM) to study 

white respiratory cancer patients in LA and Honolulu from 1992 to 2008. Regarding PM2.5 

exposure as a continuous variable, they demonstrated that the adjusted HR for lung cancer 

patients dying of lung cancer is 1.43 (95% CI: 1.39-1.46) for a 10 μg/m3 increase in PM10 

exposure. This number is 1.49 (95% CI: 1.45-1.53) for a 5 μg/m3 increase in PM2.5. While 

regarding PM2.5 as a categorical variable, aHR is 1.56 (95% CI: 1.51–1.61) for the high PM10 

exposure group and 1.97 (95% CI: 1.89–2.05) for the high PM2.5 exposure group.   

 

2.2 Possible Variables Influencing the PM10- and PM2.5-LCS Association  
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Many factors are able to affect the association between PM exposure and lung cancer survival. 

Eckel et al. (2016), Nakharutai et al. (2022) and Xu et al. (2013) have adjusted the following 

factors: age, sex, ethnicity, marital status, educational level, body mass index (BMI), alcohol 

consumption, smoking and socioeconomic status (SES), histology at diagnosis, tumour stage, 

treatment, O3 and NO2. Other possible factors such as occupation, comorbidities, SO2, 

temperature and pressure were studied in related articles. This thesis divided such factors into 

demographic variables, cancer characteristics, meteorological variables and gaseous pollutants. 

A wealth of supporting and opposing evidence was presented in this chapter.  

 

2.2.1 Demographic Variables 

 

A large amount of research has confirmed that demographic factors are important determinants 

of lung cancer survival. These demographic factors include age, sex, ethnicity, BMI, education, 

marital status, occupation, alcohol, smoking and SES.  

 

For age, a cohort study in Thailand showed that being older (aHR = 1.28; 95% CI: 1.22–1.33) 

is associated with a higher risk of lung cancer mortality (Nakharutai et al., 2022). Age 

disparities are also validated by Islam et al. (2021) as well as Pilleron et al. (2021) and Driessen 

et al. (2017). Their results indicated older patients survive shorter after being diagnosed with 

lung cancer than younger patients. Biological studies conducted by Fougère et al. (2018) 

suggested that the absolute value of MGMT gene (DNA repair gene) expression in the 75–80 

years group remains lower than in the younger groups. Hence, being younger can be a positive 

prognostic factor in lung cancer survival. 

  

In terms of gender, Nakharutai et al. (2022) showed that being male (aHR = 1.17; 95% CI: 

1.11–1.22) is associated with a higher risk of death. Likewise, a competing risk model of 

133,263 patients with lung adenocarcinoma (LAD) reported that female patients have a lower 

risk of lung cancer-specific death (aHR = 0.86; 95% CI: 0.85-0.87) than male patients (Wu et 

al., 2020). The same result was reported by Xu et al. (2013). They found that female lung cancer 

patients have a lower risk of cancer-specific death (aHR = 0.84; 95% CI: 0.82-0.86) than male 

patients. As a result, male sex can be an adverse prognostic factor in lung cancer survival.  

 

Regarding ethnicity, Haynes et al. (2008) found Pacific peoples have the highest chances of 
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survival from cancer compared with Europeans, and Māori peoples have the poorest survival 

outcome in New Zealand (p<0.05). Additionally, Wu et al. (2020) found the lowest risk of death 

from LAD (aHR = 0.8; 95% CI: 0.78-0.82; p<0.001) for non-Hispanic Asians/Pacific Islander 

patients compared with non-Hispanic black patients, non-Hispanic white patients as well as 

Hispanic patients. Moreover, a cohort study of Canadian immigrants and Canadian-born 

individuals showed that the latter has a higher risk of lung cancer mortality (aHR = 1.10 [1.02 

to 1.18]) (Erickson et al., 2020).  

 

The correlation between smoking and lung cancer survival has been well established. 

Tammemagi et al. (2004b) conducted a cohort study of 1,155 lung cancer patients. The result 

from the CPHM indicated that the HR for smoking is 1.38 (1.18-1.60) after adjusting for 

baseline covariates (Tammemagi et al., 2004b). A population-based study including 41,262 

patients with non-small cell lung cancer (NSCLC) found that lung cancer-specific survival is 

higher for never-smokers than current smokers (Löfling et al., 2019). A biological study found 

that cigarette smoke-exposed mice have a 7.25-fold increase in LAD compared with unexposed 

mice (Hutt et al., 2005). Therefore, smoking indicates a poor survival outcome.  

 

Shepshelovich et al. (2019) conducted a pooled analysis and acknowledged that people with a 

BMI less than 18.5 kg/m2 (aHR = 1.56 [1.43-1.70]) or with a BMI greater than 40 kg/m2 (aHR 

= 1.09 [0.95-1.26]) are associated with worse lung cancer-specific prognosis, while people who 

are overweight (25 kg/m2 ≤ BMI < 30 kg/m2; aHR = 0.89 [0.85-0.95]) or obese (30 kg/m2 ≤ 

BMI ≤ 40 kg/m2; aHR = 0.86 [0.82-0.91]) are linked to improved lung cancer survival. In 

contrast, Jiang et al. (2021) did not observe BMI-survival associations in Asian patients and 

never-smokers based on the same dataset Shepshelovich et al. (2019) used. This result is 

because Asian patients and never-smokers are more likely to carry driver mutations (Jiang et 

al., 2021). However, Nakharutai et al. (2022) found that Thai residents with BMI < 18.5 kg/m 

have a higher risk of death (HR=1.48; 95% CI: 1.39–1.58). A cohort study in China confirmed 

that overweight patients have a favourable prognosis (Xie et al., 2017). Therefore, being 

underweight can be associated with a worse prognosis, while being overweight can be 

favourable. People who are overweight have greater physiologic reserves, thereby prolonging 

life by slowing the progress of cancer cachexia (Yang et al., 2011). 

 

It is shown that married patients have better lung cancer survival. In Japan, widowed male 
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patients with NSCLC have a greater death rate than married male patients with NSCLC (Saito-

Nakaya et al., 2008). A case-controlled study also exhibited that married patients have better 

NSCL cancer-specific survival than unmarried ones (including single, divorced and widowed 

ones) in the US (Chen et al., 2020). A similar result that married people have the lowest risk of 

lung cancer mortality was reported by Xu et al. (2013). In addition, in American Chinese, 

women with currently married status have better survival than never-married ones (HR= 1.36; 

95% CI, 1.11-1.66) (Gomez et al., 2016). The potential explanation is that married patients 

have solid social support, an increased likelihood of health insurance coverage, better lifestyles, 

and a reduced possibility of depression (Chen et al., 2020).  

 

Socioeconomic status has been widely researched. The systematic review by Finke et al. (2018) 

on SES and lung cancer survival, including 94 studies, reported a weak correlation between 

individual income and lung cancer survival. Besides, group comparisons for HRs of area-based 

studies implied lower lung cancer survival for lower SES groups (Finke et al., 2018). Similarly, 

a recent systematic review conducted by Redondo-Sánchez et al. (2022) reported that people 

with lower SES have lower cancer survival.   

 

However, the effects of education, occupation and alcohol intake on lung cancer are 

inconclusive. For education, a clinical trial showed that education is not predictive of lung 

cancer survival, where the standardization of treatment and follow-up is one potential account 

(Herndon et al., 2008). A meta-analysis also indicated no evidence for the association between 

personal education level and lung cancer survival, with the interpretation that these people have 

the same chance of treatment regardless of education and thus have similar lung cancer survival 

(Finke et al., 2018). By contrast, educated people have higher lung cancer survival (HR=0.9; 

95% CI 0.77-0.99) in Bangladeshi patients (Islam et al., 2021). Furthermore, university 

graduates are associated with a significant 40% improved cancer survival compared with 

people completing <9 years of education (Hussain et al., 2008).  

 

Next, people whose working environment is highly polluted, such as truck drivers and 

motorcyclists, are more likely to die of lung cancer (Abdul Wahab et al., 2019; Garshick et al., 

2008). However, a meta-analysis suggested no evidence for the relationship between individual 

occupation and lung cancer survival (Finke et al., 2018). Finke and colleagues suspected this 

unexpected result because people have the same access to treatment irrespective of education, 
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causing similar lung cancer survival.  

 

Lastly, several studies (Nakharutai et al., 2022; Prescott et al., 1999) have reported that people 

with a heavy intake of alcohol have poor survival outcomes. In addition, a case-controlled study 

among NSCLC patients in the US found that alcohol-abusing leads to worse lung cancer 

survival outcomes than non-alcohol-abusing patients (Paull et al., 2005). Nonetheless, another 

population-based case-control study reported that very light drinkers have a significantly 

lowest risk than non-consumers and very heavy drinkers (Bagnardi et al., 2009).  

 

As a result, demographic factors including age, sex, ethnicity, BMI, education, marital status, 

occupation, alcohol, smoking and SES need to be considered while evaluating PM-related 

impacts on lung cancer survival.  

 

2.2.2 Cancer Characteristics 

 

Cancer characteristics comprise histology at diagnosis, tumour stage, comorbidities and 

treatment. Enormous studies reveal cancer characteristics determine the length of lung cancer 

survival. For histology at diagnosis, the median survival time is shortest for patients with small 

and large cell carcinomas and longest for patients with adenocarcinoma (Eckel et al., 2016; 

Innos et al., 2019).  

 

Usually, the higher the tumour stage, the shorter the survival time. Specifically, the clinical 

TNM stage, using T (primary tumour), N (regional lymph node involvement) and M (distant 

metastasis) to describe the tumour stage, has been routinely reviewed and revised to the 8th 

edition in 2016. Goldstraw et al. (2016) stated that the 8th edition is based on a database of 

94,708 cases from 16 countries worldwide. Overall survival curves determine the stage 

groupings, so a high TNM stage often corresponds to a short survival time. However, many 

researchers simplified tumour stages into localised, regional and metastatic stages. The 

metastatic and regional stage was associated with a higher risk of death, while patients with the 

localised stage at diagnosis tend to survive longer (Eckel et al., 2016; Nakharutai et al., 2022; 

Xu et al., 2013). When combining the effects of histology at diagnosis and tumour stage, the 

survival probability was highest for patients with localized LAD (Eckel et al., 2016; Goldstraw 

et al., 2016).  
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Comorbidities influenced by age, sex, ethnicity and smoking are inversely associated with lung 

cancer survival (Tammemagi et al., 2004a). The adjusted overall survival of lung cancer 

patients is harmfully linked with comorbidities such as congestive heart failure, diabetes and 

severe liver disease (Islam et al., 2015). Likewise, lung cancer patients with comorbidities are 

linked to poor survival in Bangladesh (Islam et al., 2021). Severe comorbidities are associated 

with increased lung cancer mortality in patients with late-stage NSCLC, while lung cancer 

mortality is unaffected by comorbidities in patients with early NSCLC (Nilsson et al., 2017).  

 

Treatments can contribute to lung cancer survival. The increase in curative treatment has been 

paralleled with an increment in both the median and 5-year survival (Innos et al., 2019; Solberg 

et al., 2019). Innos et al. (2019) further reported that patients with localized lung 

adenocarcinoma benefit most from surgical treatment (OR = 2.51; 95% CI: 1.88–3.38) after 

adjusting for gender, histologic type, age at diagnosis, and period of diagnosis. Nevertheless, 

radiotherapy treatment only is correlated with lower survival among Bangladeshi lung cancer 

patients, while the combination of radiotherapy and chemotherapy is associated with better 

survival outcomes (Islam et al., 2021).  

 

2.2.3 Meteorological Variables 

 

Researchers acknowledge that climatological parametres, including temperature, wind, 

humidity and barometric pressure, impact lung cancer survival. Cakmak et al. (2018) divided 

Canada into seven zones based on weather types and found that the mortality risk from lung 

cancer varied spatially by climate zone. Moreover, Keatinge et al. (1997) reported that 

respiratory disease mortality increases with the temperature increase. Chung et al. (2021) found 

that not only does low temperature (< 18 °C) increase lung cancer mortality, but so does wind 

speed (< 2.8 m/s) and relative humidity (< 73.7%). However, many studies held differing views 

from Chung et al. (2021). Howden-Chapman & Carroll (2017) found days with high maximum 

temperatures are correlated with increased all-cause mortality. Apart from temperature, 

Dehghani et al. (2017) observed that maximum wind speed has a destructive relationship with 

LCM. Guo et al. (2021) indicated that the synergistic effect of PM1 and high relative humidity 

leads to an increased incidence of lung cancer in male Chinese residents. Regarding air pressure, 

only one article suggested that reduced lung cancer mortality is contributed by lower 
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atmospheric pressure (Merrill & Frutos, 2018).  

 

2.2.4 Gaseous Pollutants 

 

Gaseous Pollutants mainly include sulfur dioxide (SO2), carbon monoxide (CO), nitrogen 

oxides (NO, NO2) and ozone (O3) (Seigneur., 2019). The detrimental effects of SO2, CO, O3 

and nitrogen oxides on lung cancer patients have been widely verified. A 12-year cohort study 

(Chen et al., 2016) showed that long-term exposure to SO2 is associated with lung cancer 

mortality. Besides, short-term exposure to SO2 demonstrated remarkable effects on lung cancer 

mortality (Zhu et al., 2019). Chung et al. (2021) and Eckel et al. (2016), as well as Dehghani 

et al. (2017), observed reduced lung cancer survival and increased lung cancer mortality with 

a higher average of NO2 exposure. Dehghani et al. (2017) also reported that CO concentration 

correlates with lung cancer mortality. Two population-based cohort studies found the effect of 

ozone on lung cancer survival, with aHR=1.97 (1.89–2.05) and aHR=1.03 (1.02-1.03), 

respectively (Eckel et al., 2016; Xu et al., 2013). Kamis et al. (2021) reported that any one of 

carbon monoxide, ozone, and sulfur dioxide is one of the most hazardous environmental factors 

for lung cancer incidence. In addition, WHO (2021) propounded specific recommendations on 

guideline levels for the pollutants SO2, CO, O3 and NO2 (Table 2-1).  

 

Table 2-1  

2021 WHO guidelines for SO2, CO, O3 and NO2 (WHO, 2021, p. 135) 

Pollutant Averaging time Guidelines 

SO2 (μg/m3) 24-hour 40 

CO (mg/m3) 24-hour 4 

O3 (μg/m3) 

Peak season 60 

8-hour 100 

NO2 (μg/m3) 

Annual 10 

24-hour 25 
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In contrast to the inverse correlation between gaseous pollutants and LCM, Chen et al. (2016) 

observed a protective effect of NO2 exposure on LCM in a single-pollutant model. They 

explained that the impact of other studied pollutants (SO2 and PM10) is not considered. 

Similarly, without adjusting for other studied pollutants (NO2 and PM2.5), a protective effect of 

O3 exposure on LCM in a single-pollutant model was observed (Jerrett et al., 2013). The 

multipollutant model seems therefore crucial.  

 

2.3 Summary  

 

To sum up, three studies have investigated the association between PM exposure and lung 

cancer survival at individual and aggregate levels. Their research outcomes have suggested that 

PM exposure shortens lung cancer survival. Besides, the latency effect of PM exposure needs 

to be considered. Additionally, potential variables, including demographic factors (age, sex, 

ethnicity, BMI, education, marital status, occupation, alcohol, smoking and SES), cancer 

characteristics (histology at diagnosis, TNM stage, comorbidities and treatment), 

meteorological factors (temperature, wind, humidity and barometric pressure) and gaseous 

pollution (SO2, CO, NO, NO2 and O3), need to be taken into account when estimating PM-

LCM association.  
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Chapter 3: Population and Methods 

 

3.1 Data Sources   

 

Daily concentrations of PM2.5, PM10, SO2, O3, CO, NO, NO2, daily temperature, wind speed, 

and relative humidity in Christchurch city were collected from the St. Albans monitoring site 

from the Land Air Water Aotearoa, a partnership between the Ministry for the Environment, 

the Department of Conservation and Statistics New Zealand (https://www.lawa.org.nz/explore-

data/canterbury-region/air-quality/christchurch/st-albans).  

 

Demographic characteristics and the time of diagnosis and death were collected from the New 

Zealand Cancer Registry (NZCR), a population-based register of all primary malignant 

diseases. The underlying cause of death was collected from the Mortality Collection, 

classifying all deaths registered in New Zealand by the cause of death. Demographic 

characteristics, the time of diagnosis and death, and the underlying cause of death were linked 

via the encrypted National Health Index number, a unique patient identifier.  

 

Health and Disability Ethics Committee review was unnecessary as this thesis was a secondary 

data analysis (Appendix 2).  

 

3.2 Study Population 

 

The study area was the city of Christchurch, with a population of 392,100 (Stats NZ, 2021a). 

Lung cancer cases were residents of Christchurch born before 1/1/1996 (over 18 years old as 

of 1/1/2014), whose primary diagnosis was lung cancer (C33-34), with the first diagnosis in 

2014 (1/1/2014 - 31/12/2014). The deaths from lung cancer were classified according to the 

International Classification of Diseases, the tenth version (ICD-10). Patients without complete 

demographic characteristics were excluded from the analyses.  

 

3.3 Individual PM10 and PM2.5 Exposure Assessment  

 

This thesis aimed to test the association between PM10 and PM2.5 exposure and lung cancer 

https://www.lawa.org.nz/explore-data/canterbury-region/air-quality/christchurch/st-albans
https://www.lawa.org.nz/explore-data/canterbury-region/air-quality/christchurch/st-albans
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survival time to death, so apart from the survival time, individual PM10 and PM2.5 exposure 

concentrations needed to be calculated on the basis of personal PM10 and PM2.5 exposure time 

and daily average concentrations of PM10 and PM2.5. This thesis did not spatially model PM10 

or PM2.5 concentration due to no ideal emissions data sets available for PM10 or PM2.5, 

seasonally or inter-annually. The pollution levels across Christchurch were relatively uniform 

(Canterbury Regional Council, 1996). In the meantime, this thesis assumed that daily 

concentrations and meteorological parameters measured at the St. Albans monitoring site were 

typical of residential Christchurch. Hence, individual exposure could be calculated on this data 

set.  

 

Firstly, as described in chapter 1.2, the latency effect of PM10 and PM2.5 exposure on lung 

cancer was manifest in the fourth year. Therefore, individual PM10 and PM2.5 exposure intervals 

were calculated from four years before the initial diagnosis to the date of death or the cut-off 

time (31/12/2018). For example, a patient was initially diagnosed with lung cancer on 

17/1/2014, and died on 20/2/2018, then individual PM10 and PM2.5 exposure period was 

between 17/01/2010 and 20/02/2018.  

 

Partial daily PM2.5 and PM10 concentrations were unavailable because device failure, scheduled 

maintenance and human error resulted in missing data. Alsaber et al. (2021) applied a random 

forest approach to handle an air quality monitoring dataset including NO2, CO, PM10, SO2, O3, 

temperature, relative humidity, wind speed and wind direction. They found that the missForest 

approach had the highest accuracy and the lowest imputation error (Alsaber et al., 2021). Hence, 

the missForest approach was appropriate to impute missing daily PM2.5 and PM10 

concentrations. The missForest approach could be executed for the prediction of missing 

values on continuous and categorical data by the usage of a random forest trained on the 

observed values until a stopping criterion was reached (Stekhoven & Bühlmann, 2012).  

 

Individual average PM10 and PM2.5 exposure was the average PM10 and PM2.5 concentration in 

individual exposure time. The following formula showed how to calculate individual average 

PM10 and PM2.5 exposure: 

 

Average exposure (𝜇𝑔 (𝑚3 × 𝑑𝑎𝑦))⁄ =
𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒 (𝜇𝑔/𝑚3)

𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑡𝑖𝑚𝑒 (𝑑𝑎𝑦𝑠)
, 
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where total exposure was the sum of daily PM10 or PM2.5 exposure from four years before the 

initial diagnosis of lung cancer to death; total exposure time was the number of days between 

four years prior to the first diagnosis of lung cancer and death.  

 

3.4 Outcome Assessment 

 

The causes of death were categorised into lung cancer-specific deaths and deaths from all other 

causes unrelated to lung cancer or not attributed to lung cancer. All causes of death that 

occurred in the same period but not from lung cancer were treated as competing risks. Survival 

time (days) was calculated from the date of initial diagnosis to the time of death or the end of 

the research (December 31, 2018), whichever occurred first. 

 

3.5 Confounding Variables  

 

The length of survival time is impacted by other variables. Based on chapters 2.2.1 and 2.2.2, 

such variables incorporated age, sex, ethnicity, BMI, education, marital status, occupation, 

alcohol, smoking and SES. Also, different exposure to temperature, wind speed, relative 

humidity, barometric pressure, O3, NO, NO2, SO2, and CO was supposed to prolong or shorten 

the survival time in light of chapters 2.2.3 and 2.2.4. In addition, it was argued that lung cancer 

patients' survival length was associated with treatment, histology at diagnosis, comorbidities 

and tumour stage.  
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As shown in Figure 3-1, confounders could be defined as variables that were associated with 

both the exposure and the outcome but were not intermediates between the exposure and the 

outcome (Skelly et al., 2012). If confounding variables were ignored, misleading causal 

inferences between causes and effects might be drawn (Fisher et al., 2005).  

 

 

The description of ethnic group codes was in accordance with level 1 ethnic codes (Table 3-1). 

The New Zealand Deprivation Index 2013 (NZDep2013) was a census-based and small-area 

index for the measurement of socioeconomic deprivation in deciles, with 1 indicating the least 

deprived level and 10 meaning the most deprived level. This index was appraised from nine 

aspects: Internet access, benefit receipt, household income, unemployment, education, tenure, 

single parent families, household crowding and car access (Atkinson et al., 2014). Individual 

domicile code 2013, obtained from the MoH, and the Census Area Unit 2013 (CAU2013) were 

matched, and then the NZDep2013 for each patient was determined by the CAU2013. However, 

BMI, education, marital status, occupation, alcohol intake, individual tobacco smoking status 

and atmospheric pressure were unavailable and thus not considered in this thesis. Therefore, 

the final confounding variables included age, sex, ethnicity, SES, temperature, wind speed, 

relative humidity, O3, NO, NO2, SO2, and CO. The measurement of individual exposure to 

gaseous pollution (CO, SO2, NO, NO2 and O3) and meteorological factors (daily temperature, 

wind speed and relative humidity) was the same as the assessment of personal PM10 and PM2.5 

exposure. Namely, the average exposure was the average concentration in individual exposure 

time (from four years before the first diagnosis with lung cancer to death).  

 

Figure 3-1  

Diagram of confounders  

Exposure Outcome 

Confounder 
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Table 3-1  

Level 1 ethnic codes

 

Note. Adapted from https://www.health.govt.nz/nz-health-statistics/data-references/code-

tables/common-code-tables/ethnicity-code-tables. Copyright 2010 by MoH.  

 

3.6 Data Analysis 

 

Statistical analyses relied on Microsoft Excel, version 16.55 (Microsoft Corporation, 2021) and 

R software, version 4.1.1 (R Core Team, 2021); the alpha was set at 0.05. As this thesis aimed 

to quantify the survival time in high and low PM10 and PM2.5 exposure groups, the eligible 

cases were divided into high and low groups by median exposure. The Chi-square test was used 

for the comparison of baseline characteristics between high and low PM10 and PM2.5 exposure 

groups. This thesis assumed that the hazard was constant between any variables because of the 

Cox proportional hazards model requirement. Univariate analysis was first performed. For 

categorical variables, the Kaplan-Meier method was used for survival analysis and the log-rank 

test was conducted to compare whether survival probabilities differed between groups. 

Continuous variables were subjected to univariate Cox regression analysis. Temperature, wind 

speed, relative humidity, O3, NO, NO2, SO2, CO, PM10 and PM2.5 (p<0.05 in univariate analysis) 

were included in the multivariable Cox proportional hazards model. Age and SES were also 

included in the multivariable Cox proportional hazards model due to their important effect on 

lung cancer survival. According to Cox (1972), the Cox proportional hazards model could be 

described as follows:  

https://www.health.govt.nz/nz-health-statistics/data-references/code-tables/common-code-tables/ethnicity-code-tables
https://www.health.govt.nz/nz-health-statistics/data-references/code-tables/common-code-tables/ethnicity-code-tables
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ℎ(𝑡, 𝑋) = ℎ0(𝑡)𝑒𝑥𝑝(𝛽1𝑋1 + 𝛽2𝑋2 ⋯ + 𝛽𝑚𝑋𝑚), 

 

where h(t, X) was the hazard function of survival to time t in lung cancer patients; X=(X1, X2,..., 

Xm) were m independent variables that may be related to survival time; h0(t), called the basic 

risk function, was the hazard function at time t while X1=X2=...=Xm=0; β=(β1, β2, …βm) was 

the regression coefficient of Cox model, and was a set of parameters to be estimated. 

 

However, competing risks could preclude the event of lung cancer-specific death. For example, 

a lung cancer patient who would die in a car accident could not die of lung cancer. The death 

from a car accident prevented the death of lung cancer. In this circumstance, this patient who 

died in a car accident would be censored in the Cox proportional hazards model. Consequently, 

the Cox proportional hazards model could overestimate HR (Berry et al., 2010; Waller et al., 

2020). Fine & Gray (1999) launched the competing risk model to take competing risks into 

account, which better estimated the risk of the primary outcome of interest. Hence, a competing 

risk model was used. In the competing risk model, death from lung cancer was regarded as the 

major event and death from causes other than lung cancer was deemed as competing risk events. 

Adjusted survival curves for all patients and PM10 were drawn per the Cox Proportional 

Hazards Model (CPHM) results. Multivariable analyses were further conducted in sensitivity 

analyses by removing highly correlated confounders with a Spearman coefficient higher than 

0.7.  

 

The R codes used were shown in Appendix 3.    
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Chapter 4: Results 

 

4.1 Eligible Cases  

 

The selection steps of eligible patients were presented in Figure 4-1. From 183 lung cancer 

patients registered in the MoH in 2014, one patient of unknown ethnicity and six without NZ 

deprivation index were excluded. A total of 176 lung cancer patients were eligible.  

 

Figure 4-2 showed the survival curve of all lung cancer patients with a median survival time 

of 276 days. In other words, lung cancer patients had a cumulative survival rate of 50% at 276 

days after the initial diagnosis. Moreover, as suggested by the slope of the overall survival 

curve, the decline of the survival rate was fast in the early stage and then slowed down.  

Patients firstly diagnosed with lung 

cancer in 2014 (N=183) 

Lung cancer patients with known 

characteristics (N=176) 

Figure 4-1 

Selection of eligible patients 

Unknown ethnicity (N=1) 

Unknown NZ deprivation index (N=6) 
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The baseline characteristics of the study population were presented in Table 4-1. Among these 

cases, from January 1, 2014, to December 31, 2018, there were 153 (86.9%) deaths, of which 

135 (88.2%) were due to lung cancer. The 1-year, 2-year and 3-year survival rates gradually 

declined, with 37.2%, 24.1% and 19.6%, respectively. More older people were initially 

diagnosed with lung cancer than younger people. 55 (31.3%) were first diagnosed with lung 

cancer in the 80s, more than any other age group. 149 (84.7%) patients were over 60 whilst 

first diagnosed with lung cancer. Fewer women were diagnosed with lung cancer than men. 

Lung cancer patients of European ethnicity accounted for 88%, followed by Maori with 6.8%, 

while Asians and pacific peoples each accounted for about 2.5%. Among those diagnosed with 

lung cancer, the most (32.4%) had a New Zealand deprivation index of 7 and 8, followed by 

Figure 4-2 

Survival distribution (Overall) 

276 
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the wealthiest, whose NZDep2013 were 1 and 2, with 22.1%. These results illustrated the low 

survival rate of lung cancer and the composition of the sample.  

 

4.2 PM10 and PM2.5 Concentration 

 

There were 4089 (12.4%) missing values for climatological data and air pollutants. After filling 

them through the missForest approach, individual exposures to climatological factors and air 

pollution were calculated. As described in Table 4-2, among all patients, the minimum, median 

Table 4-1  

Description of baseline characteristics of all subjects 
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and maximum PM2.5 exposures were 10.23 μg/m3, 10.98 μg/m3 and 11.58 μg/m3, respectively. 

For PM10, the corresponding numbers were 18.95 μg/m3, 19.82 μg/m3 and 20.42 μg/m3. The 

medians were utilised to divide the high and low exposure groups.  

 

The Spearman correlation coefficients among PM10 and PM2.5 and other gaseous pollution 

exposure were presented in Table 4-3. The results indicated that PM2.5 exposure retained a 

highly positive correlation with PM10 exposure (Spearman r = 0.827, p<0.001). There was a 

weakly negative relationship between PM2.5 exposure and temperature exposure (Spearman r 

Table 4-2 

Descriptive statistics for individual exposure to temperature, wind, humidity, SO2, CO, O3, 

NO, NO2, PM2.5 and PM10 



38 

 

 

 

= -0.434, p<0.001). In contrast, any other correlation between PM10 and PM2.5 exposure and 

meteorological variables was not statistically significant (P>0.05).  

Note. ***: P<0.001; **: P<0.01; *: P<0.05 

Table 4-3 

Spearman coefficients between temperature, wind, humidity, SO2, CO, O3, NO, NO2, PM2.5 

and PM10 



39 

 

 

 

4.3 Correlation between PM10 and PM2.5 Exposure and Characteristics of All 

Patients 

 

The correlations between PM10 and PM2.5 exposure and the characteristics of lung cancer 

patients were presented in Table 4-4. There were no significant differences in age at diagnosis, 

sex, ethnicity and NZDep2013 between high and low PM10 exposure groups (P>0.05). 

Likewise, it could not be considered that these features differed between high and low PM2.5 

exposure groups (P>0.05). 

 

4.4 Univariate Analysis for Lung Cancer-specific Death  

 

Table 4-4 

Correlation between PM10 and PM2.5 exposure and features of lung cancer patients 
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Figure 4-3 showed the Kaplan-Meier curves of cumulative survival probability for lung 

cancer-specific death by sex, ethnicity, high and low exposure to air pollutants and 

meteorological variables. Age at diagnosis and NZDep2013 were analysed through the 

univariate Cox model (Table 4-5). On the one hand, the results illustrated that temperature, 

wind, humidity, SO2, CO, O3, NO, NO2, PM10 and PM2.5 were significant variables affecting 

survival time (P<0.0001). PM2.5 and PM10 exposure harmed the length of lung cancer survival. 

In the groups with high exposure to PM2.5 and PM10, the median survival time was 200 days 

and 60 days, respectively. By comparison, in low PM2.5 and PM10 exposure groups, the median 

survival time was 487 days and 649 days, approximately 2.5 times and 10.5 times higher.  

Female Male 
Maori 
Asian 

Pacific Peoples 
European ≤12.44°C >12.44°C ≤2.66m/s >2.66m/s 

≤73.16%  >73.16%  ≤1.15μg/m3 >1.15μg/m3 ≤0.27mg/m3 >0.27mg/m3 ≤32.22μg/m3 >32.22μg/m3 

>10.98μg/m3 ≤10.98μg/m3 ≤11.00μg/m3 >11.00μg/m3 ≤11.31μg/m3 >11.31μg/m3 ≤19.82μg/m3 >19.82μg/m3 

Figure 4-3  

Survival curves by sex, ethnicity, temperature, wind, humidity, SO2, CO, O3, NO, NO2, PM10 

and PM2.5 
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Table 4-5 

Univariate analysis for lung cancer-specific death 

Note. a: Using univariate Cox analysis 



42 

 

 

 

On the other hand, age at diagnosis, NZDep2013, gender and race could not yet be regarded as 

the variables correlated with the length of survival as the differences fell short of statistically 

significance (P>0.05).  

 

4.5 Multivariable Analysis for Lung Cancer-specific Death 

 

Based on the results of univariate analysis, temperature, wind, humidity, SO2, CO, O3, NO, 

NO2, PM10 and PM2.5 were entered in the multivariable Cox proportional hazards model 

(CPHM) and competing risk model (CRM). In addition, given the important effect of age and 

NZDep2013 on lung cancer survival, they were also assigned to multivariable Cox analysis 

and competing risk model. The outcomes of multivariable CPHM and CRM of lung cancer-

specific mortality were presented in Table 4-6. The lung cancer-specific mortality risk was 

5.24 (95% CI: 2.88-9.53) times higher in the high PM10 exposure group (PM10>19.82μg/m3)  

than in the low PM10 exposure group (PM10≤19.82μg/m3) in multivariable CPHM (P<0.001). 

However, the HR decreased to 1.87 (95% CI: 1.16-2.98) in the CRM. Regarding PM2.5, neither 

model achieved statistical significance (P>0.05).  
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4.6 Adjusted Survival Curves 

 

Table 4-6 

Multivariable CPHM and CRM of lung cancer-specific mortality 
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The adjusted survival curves for all subjects and PM10 exposure based on the results of CPHM 

were presented in Figure 4-4. The median survival time for all cases was 244 days after 

controlling age, SES, temperature, wind speed, relative humidity, O3, NO, NO2, SO2, CO, PM10 

and PM2.5. For PM10, the high exposure group (150 days) suffered from a 193-day reduction in 

median survival time compared with the low exposure group (343 days) after adjusting age, 

SES, temperature, wind speed, relative humidity, O3, NO, NO2, SO2, CO and PM2.5.  

 

4.7 Sensitivity Analyses 

 

Figure 4-4 

Adjusted survival curves for all patients and PM10 
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In Sensitivity analyses, NO2, NO, CO and PM10 were removed from multivariable models 

while studying the effect of PM2.5 exposure on lung cancer-specific mortality; PM2.5, NO2, NO, 

CO and SO2 were eliminated from multivariable models in the assessment of the correlation 

between PM10 and lung cancer survival. The results (Table 4-7) were similar to those from the 

main analyses, except for a different finding in the multivariable Cox model that exposure to 

high PM2.5 (PM2.5>10.98μg/m3) was associated with an increase in lung cancer-specific death 

(HR=2.40, 95% CI: 1.52-3.80).  

 

  

Table 4-7 

Effect estimates of lung cancer mortality associated with PM10 and PM2.5 exposure without 

confounders with the Spearman coefficient higher than 0.7 
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Chapter 5: Discussion 

 

5.1 Associations between PM10 and PM2.5 Exposure and Lung Cancer 

Survival Time 

 

This thesis explored the potential impacts of PM10 and PM2.5 exposure on lung cancer survival 

time among 176 adult Christchurch residents firstly diagnosed with lung cancer in 2014. This 

thesis found that prolonged high exposure to PM10 reduces lung cancer survival in Cox 

proportional hazards and competing risk models. After controlling for age, sex, ethnicity, 

socioeconomic status, temperature, wind, relative humidity, SO2, CO, NO, NO2, O3 and PM2.5, 

the high PM10 exposure group (PM10>19.82μg/m3) was 5.24 (CPHM; 95% CI: 2.88, 9.53) and 

1.86 (CRM; 95% CI: 1.16, 2.98) times more likely to die from lung cancer than low exposure 

group (PM10≤19.82μg/m3). In addition, the adjusted survival curve showed that the high PM10 

exposure group (150 days) suffered from a 193-day reduction in median survival time 

compared with the low PM10 exposure group (343 days). On the other hand, the association 

between PM2.5 exposure and lung cancer survival was not statistically significant.  

 

The previous studies have drawn the same qualitative conclusion that PM10 exposure shortens 

lung cancer survival (Table 5-1). A population-based study conducted among White 

respiratory cancer patients in the US (Xu et al., 2013) and a cohort study of 352,053 

Californians with lung cancer initially diagnosed between 1988 and 2009 (Eckel et al., 2016) 

both suggested that exposure to PM10 is inversely associated with lung cancer survival.  

 

Table 5-1  

Same qualitative conclusion for PM10 with Eckel et al. (2016) and Xu et al. (2013) 

PM10 This thesis Eckel et al. (2016) Xu et al. (2013) 

Qualitative 

conclusion 
PM10 exposure shortens lung cancer survival. 

 

Despite Eckel et al. (2016), Xu et al. (2013) and this thesis conclude that PM10 exposure 

shortens lung cancer survival, the results of quantitative analyses are different (Table 5-2). 
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This thesis observed that the high PM10 exposure group is 5.24 (CPHM; 95% CI: 2.88, 9.53) 

and 1.856 (CRM; 95% CI: 1.16, 2.98) times more likely to die from lung cancer than low 

exposure group. Xu et al. (2013) reported that exposure to PM10 is associated with an increment 

in the risk of cancer-specific mortality (aHR = 1.43, 95% CI: 1.39, 1.46 per 10 μg/m3 increase 

in PM10) when regarding PM10 exposure as a continuous variable; When viewing PM10 

exposure as a categorical variable, adjust HR is 1.56 (95% CI: 1.51, 1.61) for high PM10 

exposure group. Eckel et al. (2016) found that lung cancer-specific mortality increases by 11% 

(95% CI: 10%, 11%) per 12.1 μg/m3 increment of PM10 after controlling potential confounding 

factors. Hence, I observed a higher HR than another study (Xu et al., 2013) that treated PM10 

exposure as a categorical variable. Moreover, Eckel et al. (2016) and Xu et al. (2013) inferred 

the qualitative conclusion that PM10 exposure shortens lung cancer survival based on the results 

of CPHM or CRM. Hence, it is the first study to quantify the reduced survival time (a 193-day 

reduction in median survival time in the high PM10 exposure group) to show that PM10 exposure 

shortens lung cancer survival.  

 

Table 5-2  

Different quantitative results for PM10 exposure from Eckel et al. (2016) and Xu et al. (2013) 

PM10  This thesis  Eckel et al. (2016)  Xu et al. (2013) 

Categorical 

variable 

 
5.24 (2.88-9.53; CPHM) 

1.86 (1.16-2.98; CRM) 

 

/ 

 

1.56 (1.51–1.61; CRM) 

Continuous 

variable 

 
/ 

 1.11 (1.10-1.11; CPHM) 

per 12.1 μg/m3 increment 

 1.43 (1.39-1.46; CRM) 

per 10 μg/m3 increase 

Adjusted median 

survival time 

 
a 193-day reduction 

 
/ 

 
/ 

 

On the other hand, qualitative and quantitative results for PM2.5 are different (Table 5-3). 

Firstly, this thesis concluded that PM2.5 exposure could not be considered associated with lung 

cancer survival. In contrast, Eckel et al. (2016), Nakharutai et al. (2022) and Xu et al. (2013) 

deduced the qualitative conclusion that PM2.5 exposure shortens lung cancer survival based on 

the outcomes of CPHM or CRM. Secondly, regarding different quantitative results, this thesis 

found that adjusted HRs were 0.62 (0.35-1.09; CPHM) and 0.53 (0.25-1.12; CRM) in the high 

PM2.5 exposure group compared with low PM2.5 exposure group. Thus, the association between 

PM2.5 and lung cancer survival did not achieve statistical significance in this thesis, given that 
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the CI of HR crossed 1. By contrast, Eckel et al. (2016) reported that the adjusted HR for lung 

cancer mortality is 1.15 (95% CI 1.14, 1.16) for a 5.3 μg/m3 increase for PM2.5. Nakharutai et 

al. (2022) showed a higher residential PM2.5 exposure is associated with a higher risk of all-

cause death (aHR = 1.06; 95% CI:1.01, 1.11) after controlling for potential confounders. Xu et 

al. (2013) found that adjusted HR for lung cancer patients dying of lung cancer is 1.49 (95% 

CI: 1.45, 1.53) for a 5 μg/m3 increase in PM2.5 when regarding PM2.5 exposure as a continuous 

variable. When viewing PM2.5 as a categorical variable, aHR is 1.97 (95% CI: 1.89, 2.05) for 

the high PM2.5 exposure group.  

 

Table 5-3  

Different qualitative and quantitative results for PM2.5 from Eckel et al. (2016), Nakharutai et 

al. (2022) and Xu et al. (2013) 

PM2.5 
 

This thesis 
 

Eckel et al. (2016) 
 Nakharutai et al. 

(2022) 

 
Xu et al. (2013) 

Outcome event 
 Death from lung 

cancer 

 Death from lung 

cancer 

 Death from all 

causes 

 Death from 

lung cancer 

Qualitative conclusion 

 PM2.5 exposure is 

not associated with 

lung cancer survival.  

 

PM2.5 exposure shortens lung cancer survival. 

Quantitative 

results  

Categorical 

variable 

 0.62 (0.35-1.09; 

CPHM)  

0.53 (0.25-1.12; 

CRM) 

 

/ 

 

1.06 (1.01-1.11; 

CPHM) 

 

1.97 (1.89-2.05; 

CRM) 

Continuous 

variable 

 

/ 

 1.15 (1.14-1.16; 

CPHM) for a 5.3 

μg/m3 increase 

 

/ 

 1.49 (1.45-1.53; 

CRM) for a 5 

μg/m3 increase 

 

Though Eckel et al. (2016) and Xu et al. (2013) observed the adverse influence of PM10 

exposure on lung cancer survival, they only estimated the effects of exposure to PM from the 

initial diagnosis to death. However, this thesis calculated PM10 exposure from 4 years before 

initial diagnosis to death. As stated in chapter 1.2, the correlation coefficient between PM and 

lung cancer mortality increases with the lagged years, reaching 0.9 in the fourth year and the 

highest in the seventh year (Table 1-2) (Tie et al., 2009). Therefore, higher HR values for PM10 

observed in this thesis can result from considering the latency effect of PM exposure.   
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Highly correlated variables in this thesis might cause inconsistent qualitative and quantitative 

results on PM2.5. Specifically, the strong correlation between an independent variable and one 

or more other independent variables in a multivariable regression analysis can weaken the 

statistical significance of an independent variable (Allen, 1997). As shown in Table 4-3, there 

was a robust correlation between PM2.5 exposure and PM10 exposure, as well as PM2.5 exposure 

and other air pollution exposures, excluding O3 exposure. Such strong correlations also have 

been reported by Zhao et al. (2022). According to Zhao et al. (2022), PM2.5 exposure was 

robustly associated with PM10 exposure (Spearman Coefficient r=0.89), and the Spearman 

coefficient between PM2.5 exposure and any one of SO2, NO2 and CO exposures was beyond 

0.6. The interpretation for highly correlated variables in this thesis is that air pollution 

exposures share a common time trend that exposure to SO2, NO, NO2, CO, PM2.5 and PM10 

increases in the autumn and winter, but exposure concentrations reduce in the spring and 

summer. Unlike most air pollutants, O3 exposure is high in the summer and autumn but low in 

the spring and winter. Pikhart et al. (2000) and Ren et al. (2017) also validated this tendency. 

As a result, the high correlation between PM2.5 exposure and any other variable undermines 

the effect of PM2.5 exposure. Confounders with the Spearman coefficient greater than 0.7 were 

removed in sensitivity analyses. The multivariable Cox model presented that exposure to high 

PM2.5 (PM2.5>10.98μg/m3) was associated with an increase in lung cancer-specific death 

(HR=2.40, 95% CI: 1.52, 3.80). Furthermore, despite no statistical significance, PM2.5 was a 

risk factor in univariate analysis but was a protective factor in primary multivariable analyses. 

This rollover effect is also supposed to be attributed to the high correlations between variables. 

 

Unlike this thesis, which included all air pollution variables, Eckel et al. (2016) used single air 

pollutant models to calculate HRs associated with PM exposure. Nakharutai et al. (2022) 

excluded PM10 from multivariable CPHM due to its strong correlation with PM2.5. Many other 

articles adopted a single pollutant model instead of a multiple pollutant model to avoid the 

effect of highly correlated variables. For example, Ren et al. (2017) employed a single pollutant 

model to estimate the short-term effects of air pollutants, including PM10, SO2 and NO2, on 

respiratory disease mortality in Wuhan, China. However, chapter 2.2.4 has reviewed that the 

multiple pollutant model can be essential to assess the impact of air pollutants.  

 

As suggested in chapter 1.3, exposure to PM10 and PM2.5 leads to a rise in lung cancer 

incidences and deaths. However, fewer articles examined how early people can develop or die 
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from lung cancer due to exposure to PM2.5 and PM10. Besides, premature disease and death do 

not necessarily cause a reduction in survival time from lung cancer. In epidemiological research, 

the association between longevity improvement and health can be summarised as expansion, 

compression and constancy (de Meijer et al., 2013). Similarly, such a conclusion can be 

extrapolated to lung cancer survival time related to PM exposure. The survival time can be 

expanded, compressed or constant. The survival time would be expanded because the time to 

premature death was shorter than the time to early onset of lung cancer. For instance, if PM 

exposure caused people to die 20 days earlier and develop lung cancer 30 days earlier, the 

survival time would increase by 10 days. If the former were longer than the latter, the survival 

time would shrink. The survival time remained constant when they were equal or in dynamic 

equilibrium. Chapter 4.6 has suggested a shrunken survival time (a 193-day decrease in median 

survival) in the high PM10 exposure group (PM10>19.82μg/m3). Hence, this thesis proposes 

that PM10 exposure results in more days of early death from lung cancer than early lung cancer. 

Namely, PM10 exposure accelerates the development of lung cancer. Thus, a shorter survival 

time is observed rather than an expanded or constant survival time.  

 

Lastly, the molecular mechanisms by which PM exposure promotes the growth and metastasis 

of lung cancer cells have yet to be well researched and understood. Current articles merely 

focused on several pathways: epithelial-mesenchymal transition (EMT) (Chi et al., 2018; 

García-Cuellar et al., 2021), STAT3 activation (Chen et al., 2019; Reyes-Zárate et al., 2016) 

and promoting the stem cell properties of cancer cells (Pan et al., 2022). Few articles appear to 

systematically research and summarise the biological mechanism by which PM exposure 

promotes lung cancer cell growth and metastasis. On the contrary, Li et al. (2018) have 

thoroughly studied and reviewed the carcinogenic mechanism of PM from three facets: 

epigenetic variations, microenvironmental alterations, and cell autophagy and apoptosis. This 

thesis has proposed that exposure to PM10 may produce an acceleration in the development of 

lung cancer cells. Further toxicological studies are entailed to clarify and summarise the 

mechanisms triggering the PM10-induced decline in lung cancer survival.  

 

5.2 Current Status of Lung Cancer Survival in New Zealand 

 

New Zealand is facing low lung cancer survival rates. In 2014, the 3-year net survival rate from 

lung cancer in New Zealand of 20.0% for people aged 15 to 99 was lower than that in Canada 
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(27.5%) and Australia (27.3%) (Arnold et al., 2019). Still, it was slightly higher than the United 

Kingdom (19.3%) (ibid.). As shown in chapter 4.1, the 3-year survival rate for Christchurch 

patients with a first occurrence of lung cancer in 2014 was 19.6%, nearly in line with the 

national rate.  

 

This thesis found that poor survival outcomes can be related to the wealth gap, ethnic difference 

and age disparity. Specifically, this thesis found that the wealth gap is correlated with poor lung 

cancer survival (HR=1.09, 95% CI: 1.02, 1.17; CPHM; Table 4-6), which is like Haynes et al. 

(2008). They investigated the effects of ethnicity, deprivation, and travel to health services on 

cancer survival in New Zealand by regression analysis and Cox proportional hazard models 

based on records in the years 1994-2004. Their research outcomes show that people living in 

deprived areas tend to suffer poor survival from lung cancer. Though the ethnic difference was 

not statistically significant in this thesis, Pacific Peoples had the longest median survival time 

(380 days), followed by Europeans (274 days), Māori (262 days) and Asians (159 days) in 

univariate analysis. Likewise, Haynes et al. (2008) found Pacific peoples had the highest 

chances of survival from cancer compared with Europeans, and Māori peoples had the poorest 

survival outcome (p<0.05). This thesis only covered 12 Māori peoples, 5 Asians and 4 Pacific 

Peoples; due to limited cases and individual heterogeneity, ethnicity in this thesis might not 

achieve statistical significance. Age disparities were validated in a retrospective study 

conducted by Pilleron et al. (2021). They recruited lung cancer patients aged 50-99 registered 

in NZCR initially diagnosed between January 1, 2006, and July 31, 2017. Their results from a 

lifetable method indicated a sharp drop in survival above 70 years old (p<0.05). However, age 

did not achieve statistical significance in this thesis.  

 

5.3 PM10 and PM2.5 Air Pollution in New Zealand 

 

PM10 and PM2.5 emissions varied from sector to sector in New Zealand. In accordance with 

Stats NZ (2021b), energy combustion activities were always the largest source of PM10 and 

PM2.5 since 2012, but traffic PM10 and PM2.5 emissions gradually reduced between 2012 and 

2019. Since 2017, the PM10 emissions caused by the construction sector have surpassed the 

industrial PM10 emissions, jumping to fourth place, and had a trend of exceeding the traffic 

PM10 emissions (Stats NZ, 2021b). Transport emissions were second dominant in PM2.5 
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emissions before 2015, while PM2.5 emissions from biomass burning fluctuated and exceeded 

transport emissions after 2015 (ibid.).  

 

Given New Zealand without a 24-hour average standard for PM2.5, the WHO PM10 and PM2.5 

guidelines released in 2021 were listed as a reference (Table 5-4). Then, 100% of eligible 

patients exceeded the annual PM10 and PM2.5 exposure guidelines.  

 

Table 5-4  

2021 WHO PM10 and PM2.5 guidelines (WHO, 2021, p. 135) 

Pollutant Time covered Limit in air (µg/m3) 

PM10 
Annual 15 

24-hour 45 

PM2.5 
Annual 5 

24-hour 15 

 

5.4 Merits and Drawbacks 

 

The thesis has three main strengths. First, adjusted survival curves for PM10 are plotted for the 

first time. As shown in Figure 4-4, the median survival time for all cases is 244 days after 

adjustment for potential factors. For PM10, the high exposure group (150 days) suffers from a 

193-day reduction in median survival time compared with the low exposure group (343 days). 

Preceding survival curves for PM10 do not adjust for potential factors (Eckel et al., 2016; 

Nakharutai et al., 2022; Xu et al., 2013), so they cannot reflect the PM10-LCS association. 

Secondly, it is the first research considering the lag effect of PM10 and PM2.5 exposure on lung 

cancer survival time. Individual PM10 and PM2.5 exposure intervals are calculated from 4 years 

before the time of diagnosis to the date of death or the cut-off time (December 31, 2018). 

Finally, the findings in this thesis are based on the multiple pollutants model, so the impacts of 

air pollutants and climatological variables are comprehensively considered.  

 

This thesis does acknowledge there are several limitations. Specifically, many factors such as 

cigarette smoking and marital status as a prognostic factor for lung cancer are not controlled 
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because they were unavailable. Besides, there are missing values in air pollutants and 

meteorological parameters. Although the missForest approach has the lowest imputation error 

and highest accuracy, the error rate of imputation results can still be as high as 10% (Alsaber 

et al., 2021). Moreover, this thesis assumes that the St Albans monitoring station adequately 

represented air pollution exposure for Christchurch residents, which will inevitably bring about 

measurement errors for exposure. Lastly, the sample size is not large enough. Due to limited 

cases and individual heterogeneity, many measurements like ethnicity may not achieve 

statistical significance. Notably, there is an intersection of survival curves for high and low 

wind exposure (Figure 4-3), so it does not meet the requirement that the hazard is constant in 

Cox proportional hazards and competing risk models.  
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Chapter 6: Conclusion 

 

Epidemiological and toxicological evidence has indicated that PM10 and PM2.5 exposure 

increases lung cancer incidence and mortality. It is possible that PM10 and PM2.5 exposure also 

reduce lung cancer survival. This thesis demonstrated that exposure to PM10 compresses lung 

cancer survival. 

 

In the literature review, Eckel et al. (2016), Nakharutai et al. (2022) and Xu et al. (2013) did 

not account for the latency effect of PM exposure on lung cancer. Chapter 1.2 identified that 

the latency effect was strong in the fourth year and peaked in the seventh. The results of Cox 

proportional hazards model suggested that the lung cancer-specific mortality risk is 5.24 (95% 

CI: 2.88, 9.53) times higher in the high PM10 exposure group than in the low PM10 exposure 

group. The HR decreased to 1.87 (95% CI: 1.16, 2.98) in competing risk model. Regarding 

PM2.5, neither model achieved statistical significance (P>0.05). The high PM10 exposure group 

suffered from a 193-day reduction in median survival time compared with the low PM10 

exposure group after adjusting age, socioeconomic status, temperature, wind speed, relative 

humidity, O3, NO, NO2, SO2, CO and PM2.5. Consequently, this thesis proposed that PM10 

exposure accelerates lung cancer development.  

 

In summary, the contribution of this thesis is four main findings that will increase the 

understanding of the impact of PM10 and PM2.5 exposure on lung cancer survival. Firstly, 

exposure to PM10 shortens lung cancer survival. Secondly, high PM10 exposure results in a 193-

day decline in median survival in lung cancer patients. Thirdly, the latency effect of PM10 and 

PM2.5 exposure on lung cancer is considered in this thesis. Fourthly, this thesis proposes that 

PM10 exposure accelerates lung cancer progression in lung cancer patients. 

 

The finding that high PM10 exposure shortens lung cancer survival adds support for lung cancer 

patients to take action to reduce PM10 exposure, such as using an air purifier and avoiding 

outdoor activities when PM10 concentration is high. Future work can use the satellite-based 

measurement for accurate PM exposure estimates, increase the sample size, utilise a Cox 

proportional hazards model with time-dependent covariates or a non-proportional hazard 

model to deal with the inconstant hazard between high and low wind exposure groups, and 

account for additional variables, e.g., smoking, marital status and such.   
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APPENDICES 

Appendix 1. Classification of Particulate Matter Sources in New Zealand 

(Stats NZ, 2021c) 

Sector Class Sub-class 

Agriculture 

Animal housing 

Animal housing 

Broilers 

Fattening pigs 

Laying hens 

Sows 

Field burning of agricultural residues 

Barley 

Oats 

Wheat 

Biomass burning 

Controlled burning 
Forest land 

Grassland 

Wildfires 
Forest land 

Grassland 

Construction (non-combustion) 

Non-residential buildings   

Residential houses  

Residential other  

Road construction   

Energy (combustion) 

Agriculture/forestry/fishing  

Commercial/institutional  

Energy industries  

Manufacturing industries and construction   

Residential  

Industrial (non-combustion) 

 

 

 

Metal industries 

Aluminium production 

Lead production 

Steel production 

Mineral products   

Production of chemicals 

Ammonia production 

Fertiliser production 

Urea production 

Pulp and paper production Pulp production 

Road dust 
Sealed roads 

Light passenger 

Light commercial 

Heavy trucks 

Buses 

Motorcycles 

Unsealed roads  

Transport 

Aviation 
Domestic (LTO) 

International (LTO) 

Railways  

Road transportation  

Shipping  

Waste 
Open burning (garden waste)  

Waste incineration  

Note. Adapted from https://www.stats.govt.nz/methods/air-pollutant-emissions-sources-and-

methods. Copyright 2021 by Stats NZ.  

https://www.stats.govt.nz/methods/air-pollutant-emissions-sources-and-methods
https://www.stats.govt.nz/methods/air-pollutant-emissions-sources-and-methods
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