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Research background, gaps, and aim: Lung cancer (LC) is a research priority in the UK, due to its 

high incidence and mortality, and poor survival. Current population-based studies are focused on 

investigating ‘route to diagnosis’, factors associated with late diagnosis and poor survival, and the 

implications of different intervals (e.g. primary care interval, diagnostic interval, treatment 

interval) in the cancer care pathway. However, the longitudinal sequence of interdependent 

patient-GP events over time (patient’s help-seeking behaviours and general practitioner (GP) 

management) preceding cancer diagnosis is a research area less investigated. Therefore, this PhD 

study proposes a new perspective of studying primary care sequences for early diagnosis 

research, using a novel statistical method – sequence analysis (SA), to identify meaningful 

typologies in a less investigated population – patients at high risk but not yet diagnosed with LC.  

 

Methodology: A systematic scoping review was conducted to understand how SA has been 

applied to study disease trajectories and care pathways in health services research, to learn the 

lessons from published studies and inform the application of SA in the main study. 

 Study design, setting, and participants: 899 community patients at high risk of developing LC 

(based on patient's smoking history) but not yet diagnosed with LC from eight general 

practices in the South coast of England consented to participate in this study. Their primary 

care records from June 2010 to October 2012 (29 months) were reviewed. Information was 

extracted from GP notes in free text and transcribed manually.  

 Research process: Two study phases, methodological exploration and empirical analysis, 

were involved to address three research objectives: how to construct primary care sequences 

from discrete health events, how to use different features of SA to obtain meaningful cluster 

patterns (the outcome of SA), and how patients’ sociodemographic and clinical 



 

 

characteristics can help explain the variation in the cluster patterns and help-seeking 

behaviours. 

 The primary outcome, covariates, and statistical methods: SA and cluster analysis were used 

to obtain the primary outcome – typology of clusters. Descriptive statistics were used to 

characterise patient profiles for each cluster, followed by traditional statistical tests (ANOVA, 

chi-square test, Kruskal-Wallis test) to compare patients’ sociodemographic and clinical 

features among clusters. Generalised linear models were used to explore the association 

between patient characteristics and clusters, and to quantify the relative risk ratios. 

 

Key findings: The study sample was classified into seven clusters. The subgroups of patients who 

presented with potential LC symptoms were categorised into four clusters with different GP 

management: GP ordered tests or prescribed medications for transient symptoms (Cluster 1, 

n=133/899, 14.8%); GP ordered chest X-ray or referred patients to specialists (Cluster 2, n=65, 

7.2%); GP offered health advice to patients (Cluster 3, n=60, 6.7%); and patients presented 

symptoms multiple times and received repeated prescriptions from GP (Cluster 4, n=37, 4.1%). 

Cluster 5 was patients without potential LC symptoms but presented in general practice with 

cardiorespiratory comorbidities and/or other alarm symptoms (n=326, 36.3%). Patients in Cluster 

6 only had minor care needs (n=237, 26.4%). Patients in Cluster 7 did not visit GP at all during the 

whole study period (n=41, 4.6%). For patients who had ≥2 visits with potential LC symptoms, the 

median interval was 61.5 days, interquartile range [16, 217] days. Age and the number of 

comorbidities were the two significant variables in different models. Variation of patient 

management among practices (practice effect) was observed. 

 

Conclusions, clinical relevance, and implications: This PhD thesis has made an original 

contribution by establishing the feasibility and analytical framework of using SA to study complex 

primary care sequences in the field of early diagnosis research. This study demonstrates the 

potential of applying SA in a larger scale study with a more representative population, to 

investigate the complex and heterogeneous primary care sequences leading to LC diagnosis, 

which has clinical implications for patient care and management, promote early cancer diagnosis 

from primary care, and eventually improve LC survival in the UK. 
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Chapter 1 Introduction 

1.1 Research context and the motivation to conduct this PhD study 

1.1.1 Synopsis of this thesis 

This thesis is about exploring the application of a statistical method – sequence analysis (SA), to 

study primary care sequences/pathways using events from health records involving patients and 

healthcare professionals (HCPs, mainly general practitioners, GPs) among a group of clinically 

relevant patients at high risk of developing lung cancer (LC) in the southern coast of England. The 

motivation to conduct this study is to address the poor LC survival in the UK, from a less 

investigated research angle (primary care sequences) and population (high-risk patients before 

diagnosis). 

1.1.2 Why lung cancer 

LC was identified as one of the research priorities by the leading cancer charity, Cancer Research 

UK (CRUK) in 2014, due to its high incidence, mortality, difficulty to early detect and diagnose, 

‘hard to treat’, and poor survival. According to the most recent cancer statistics published by 

Cancer Research UK (2021), LC was the third most common cancer in incidence (after breast and 

prostate cancers) and the most common cause of cancer death in the UK. Incident LC cases took 

up to 13% of all new cancer cases in 2017. LC deaths accounted for 21% of all cancer deaths in 

2017, more than twice of the second highest cancer mortality (bowel cancer, 10%). The highest 

incidence and mortality rates of LC were in the age group of 85-89 (2015-2017). LC incidence and 

mortality rates decreased in males, but increased in females in the last decade, most likely related 

to the change of smoking pattern by sex. LC incidence and deaths in England were more common 

in people living in the most deprived areas (lower socioeconomic status, SES), where smoking and 

other risk factors were common in this population. Compared with other cancers, LC survival is 

poor. Only 40.6% of patients survived one year or longer (2013-2017), 16.2% survived for five 

years, and 9.5% for ten-year survival. Statistics showed that around three quarters of LC cases 

were diagnosed at late stages in England (2014), Scotland (2014-2015) and Northern Ireland 

(2010-2014). Nevertheless, if patients were diagnosed at the earliest stage, about 57% of patients 

could survive five years or more, compared with around 3% when diagnosed at the latest stage 

(Cancer Research UK, 2021). These cancer statistics demonstrated the burden of LC and the 

necessity to improve late diagnosis and the associated poor survival in the UK, making LC one of 

the research priorities. 
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1.1.3 Research gap and a new research angle 

Current population-based cancer studies are mainly focused on identifying risk factors for late 

diagnosis (Macleod et al., 2009, Maclean et al., 2015) and poor survival of LC (O'Dowd et al., 

2015), investigating route to diagnosis (Elliss-Brookes et al., 2012), and diagnostic intervals in the 

cancer care pathway (Lyratzopoulos et al., 2013, Redaniel et al., 2015, Neal et al., 2015b). 

However, there is still very little knowledge about the primary care pathways relevant and 

leading to LC diagnosis, which is a research gap to fill. Primary care sequence/pathway involves 

patient’s help-seeking and GP’s response to the patient’s presentation. Studying sequences of 

primary care events preceding diagnosis may help us understand the reasons for delayed 

diagnosis. In addition, primary care is the foundation of the British health system, the setting 

where most health conditions are assessed and managed by GPs. Patients have different levels of 

health literacy, comorbidities, and performance status, which may affect their help-seeking 

behaviours and health services utilisation. Different frequencies of patient-GP interactions may 

affect the stage of cancer diagnosis. If patients seek help in a timely manner, and the abnormal 

symptoms are picked up by vigilant GPs, patients may have a higher chance of being timely 

referred for further investigation in secondary care. However, if patients neglect abnormal 

symptoms and do not see their GP at all, the chance of emergency presentation would increase, 

which is proven to be associated with worse clinical outcomes – late stage diagnosis and very 

poor survival (McPhail et al., 2013). Currently, emergency presentation is the most common route 

to LC diagnosis (Cancer Research UK, 2021). A shift of the diagnostic route from emergency 

presentation to rapid GP referral (two-week wait) is vital for early diagnosis and improving 

survival. Primary care involvement is essential to achieve this goal. Research evidence on the 

patterns of primary care pathways may help shift the diagnostic route from emergency 

presentation to two-week wait. 

1.1.4 A novel statistical method for the new research angle 

Primary care events are now well documented and stored in electronic health records (EHRs), 

which can be easily retrieved. Patients’ help-seeking events and the subsequent GP management 

over time can be constructed as a sequence for each patient. Regression model is a family of 

variable-based statistical methods, widely used in biomedical and health services research to 

investigate the association between dependent and independent variables and to predict 

outcomes. But if the research interest is studying the primary care pathway as a whole, regression 

is not able to identify common patterns, nor typologies of events. Sequence analysis (SA) has the 

potential to achieve the goal.  
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SA is an exploratory, process-based statistical method. It has been used to study life course and 

career trajectories in social sciences since the 1980s (Abbott, 1983, Abbott and Forrest, 1986), but 

is less applied in health research until recent years. It can examine the whole sequence holistically 

as an entity, summarise the patterns of sequences from individual patient to group level as 

clusters, and visualise the cluster patterns as typology (the outcome of SA). The typology then 

could be used in regression models, either as a dependent (categorical) variable, exploring its 

association with subject characteristics at the individual level; or served as an independent 

variable, exploring its relationship with other important outcomes (e.g. quality of life, survival 

outcomes). The initial idea for this PhD study came up from the inspiration of these features of 

SA. Although primary care sequences are not entirely the same as life course and career 

trajectories, some lessons can be learnt from the application of SA in social sciences, when trying 

to use it in health services research. However, when applying methods from one field to another, 

some adaptations for different research contexts are needed.  

1.2 Research aims and the key research questions (RQs) 

This PhD study aims to re-contextualise and adapt the application of SA from social sciences to 

early diagnosis research, to explore the use of SA to study complex primary care sequences, to 

provide new research perspectives to promote early diagnosis of LC, and ultimately, to improve 

LC survival in England/the UK. Figure 1.1 illustrates where this PhD study is situated in the field of 

early diagnosis research. This PhD study is positioned as an exploratory study in general, to lay 

down the groundwork for future empirical studies of this kind. Therefore, the methodological 

explorations were driven by the need to answer important empirical research questions (RQs) 

that could provide research evidence. The exploration process was more focused on making good 

use and adapting the existing methodological framework of SA, rather than purposing a new 

algorithm or modifying the current algorithms.  

There are three interlinked research stages for the whole study. The key research questions for 

each stage are: 

The first stage: systematic scoping review for the use of SA in health services research 

a. How has SA been used in health services research?  

b. What are the added values of using SA in health services research in the published studies?  

c. What lessons can be learnt from the previous research and applied in this study?  

The second stage: methodological exploration of using SA in primary care sequences 
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A. How can SA be contextualised and used to represent primary care sequences from discrete 

health events involving patients and GPs?  

B. How can methodological decisions be made to obtain meaningful typologies that make sense 

in empirical context? 

The third stage: empirical analysis of the cluster patterns, patient characteristics, and the practice 

effect 

i. What were the cluster patterns of primary care sequences among community-based patients 

at high risk of developing LC?  

ii. What were the patient profiles for each cluster?  

iii. What patient characteristics can help explain the variation in the cluster patterns, especially 

among patients presenting with potential LC symptoms? 

iv. Was there a practice effect on patients’ primary care attendance, consultations of potential 

LC symptoms, or the cluster patterns of sequences? 

These RQs imply the exploratory nature of this PhD study. Therefore, the analysis and results will 

be reported step-by-step in each chapter.  

 

 

Figure 1.1 – Conceptual model of pathways to cancer treatment (Walter et al., 2012) 

This PhD study fits in here 
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1.3 The journey of the PhD study and this thesis 

The journey of this PhD study was like travelling through a rugged mountain road, with lots of 

twists and turns, ups and downs. The final product of this thesis was adjusted to the 

unforeseeable circumstances during my PhD candidature.  

Originally, EHRs of primary care events from the Hampshire Health Record Analytical Database 

(HHRAD) was planned as the main data source of this PhD study. HHRAD is a clinical database 

containing about 1.4 million patients registered in 145 general practices in Hampshire and the 

neighbouring towns in southern England (Hampshire Health Record, 2017), which was an ideal 

data source for population research. The original research plan was to use HHRAD to study 

primary care sequences among patients diagnosed with primary LC between 2000 and 2015, with 

an observation period of two years before diagnosis.  

During the data cleaning process (the first and second year of my PhD), it was found that some 

deceased patients were selectively deleted from the HHRAD, as this group of patients did not 

need clinical care anymore, but it had implications of using this data source for research purposes. 

The mechanism of missingness (who was deleted) was unknown, and further information on the 

deleted subjects was unavailable. This problem resulted in a reduced study sample having a 

higher survival rate and a longer survival period than the general LC population in the UK, which 

meant the study sample was biased and not representative. After communication with the 

relevant personnel, it was confirmed that it was not possible to rectify this problem within the 

period of my candidature. Therefore, due to the data quality problem, an empirical study was no 

longer an option. The extracted dataset was used for methodological exploration in two studies – 

sequences of patients’ help-seeking behaviours (one domain), and how GP managed patients with 

COPD two years before LC diagnosis (two dimensions, interdependent patient-GP events). 

Although addressing methodological issues, it was found that the decisions on methodological 

issues were very much tied to and dependent on the empirical context. Without drawing 

empirical conclusions, the methodological conclusions were context-dependent and unlikely to 

transfer and generalise to a different study. Despite tremendous time and efforts being put into 

the research using the HHRAD dataset, regrettably, the results of these two studies were not 

reported in this thesis. 

A silver lining in this very difficult situation, another dataset in the English primary care setting 

was available, which allowed me to conduct methodological work and draw empirical conclusions. 

The project was previously funded by the National Awareness and Early Diagnosis Initiative 

(NAEDI, called the NAEDI study in this thesis hereafter). The population of the NAEDI study was 
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community patients with a long smoking history and at high risk of developing LC, but not yet 

diagnosed with LC at the point of data collection (Wagland et al., 2016). As McCutchan et al. 

(2019) pointed out, it is still a lack of evidence on how this group of population attributes to 

potential LC symptoms and decide to seek medical help, and the optimal methods of promoting 

earlier presentation through interventions targeted at high-risk, highly deprived groups. This 

thesis addresses this research gap, using the data from the NAEDI study to explore how SA can be 

used to identify meaningful patterns of primary care sequences for early diagnosis of LC. The 

previous experiences of using HHRAD made the research process in the NAEDI dataset more 

smoothly. Examples and lessons learnt from the exploration using HHRAD are used in this thesis 

to illustrate, discuss, and support academic arguments where appropriate. 

1.4 The structure of this thesis 

This introductory chapter sets out the research context and background for the whole thesis, 

followed by a detailed literature review in Chapter 2, to elaborate the research gap in this field, to 

justify the rationale and the necessity to conduct this study, also to explain the novelty of this 

PhD. The interest of studying primary care sequences relevant and leading to LC diagnosis, and 

the two important elements in the sequences (patient’s help-seeking behaviours and GP’s 

response) will be fully discussed in the literature review chapter. Chapter 3 will introduce and 

cover the technical details of SA, situating this method in health research, explain and discuss why 

SA is a potentially helpful statistical method to study primary care sequences. Since SA is still a 

relatively new method in health research, a systematic scoping review was conducted to 

understand how SA has been used to study disease trajectories, care pathways, and health 

services research, and to learn the experiences from other studies, which is reported in Chapter 4. 

Chapters 2-4 together provide comprehensive contextual and technical background for this study. 

Community-based patients at high risk of developing LC but not yet diagnosed with LC are the 

target population for early diagnosis. The NAEDI dataset was used to investigate the primary care 

sequences among this population. The data source is introduced in Chapter 5 (Methodology), 

followed by a statistical analysis plan, including all the methods used in the whole study. After 

that, Chapter 6 reports the whole methodological exploration process, which aims to address the 

methodological issues and explore the best analytical approach that can yield meaningful cluster 

patterns that makes sense in the empirical context. This is the first phase of the main study. The 

second phase is to understand patients’ sociodemographic and clinical characteristics in each 

cluster, to compare the patient profiles across clusters, to investigate what patient characteristics 
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can enhance the understanding of the variation in the cluster patterns of primary care sequences, 

and the practice effect. All findings of the empirical analyses are reported in Chapter 7. 

In the final chapter of this thesis (Chapter 8), I revisit the central argument of this thesis, 

summarise the key findings and messages, share the lessons learnt from the whole study, discuss 

the original contributions of this PhD to the research field, connect this study to wider research 

areas, and make recommendations on how to use EHRs and SA to design future studies that can 

better understand primary care pathways to achieve the goal of early diagnosis and improving LC 

survival in the UK.
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Chapter 2 Literature review 

2.1 Chapter introduction 

This chapter starts to review relevant literature about LC survival in England, and compare the LC 

survival statistics in England with other European and developed countries, with the aim to 

understand why LC survival in England was poorer than other western developed countries 

(section 2.2) and how the British government, health system, charities, and research organisations 

planned to address this problem (section 2.3). Early diagnosis is the key to improving cancer 

survival. Therefore, the current national guidelines, research paradigms on the cancer care 

pathway and route to diagnosis were reviewed and appraised. Their respective limitations are 

discussed in section 2.4. The role of primary care in the British health system and its importance in 

improving early diagnosis and cancer survival is discussed in section 2.5. Through the literature 

review, the current research paradigms are not ideal to provide research evidence that can fully 

understand the primary care process leading to LC diagnosis. Therefore, a new research angle 

using a novel statistical method is proposed to address this research gap in this PhD study, which 

is studying primary care pathways using sequence analysis. Further explanation and discussion 

about why this research angle and statistical method have the potential to provide new 

knowledge to address the late diagnosis and poor survival of LC in England are at the end of this 

chapter. 

2.1.1 Search strategy and database 

Relevant medical subject headings (MeSH) and free text keywords were searched in PubMed to 

identify literature about the above topics of LC diagnosis and survival in England. Lung Neoplasms 

(MeSH) and the relevant sub-headings (diagnosis, diagnostic imaging, epidemiology, mortality, 

organisation and administration, prevention and control, radiotherapy, statistics and numerical 

data, surgery, therapy) were searched in PubMed, together with United Kingdom, help-seeking 

behaviour, primary health care (general practice, general practitioner), and social class (all MeSH 

terms). Free text keywords were searched in the field of “title and abstract” in PubMed, including 

lung cancer, England (the UK/United Kingdom), diagnosis, survival, high risk, screening, 

prevention, symptom, comorbidity, chronic obstructive pulmonary disease (COPD), primary care 

(general practice/general practitioner/GP), help-seeking, interval, delay, route, treatment 

(therapy/surgery/radiotherapy/chemotherapy), and socioeconomic status (SES, socioeconomic 

position/social class). The initial search and review of literature started in 2016, when I started my 
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PhD, and the search was updated continuously for new publications during my candidature. The 

last search was conducted in March/April 2020 for this thesis.  

2.2 LC survival in England 

This section aims to review the research evidence on LC survival in England, compared with that in 

other European countries (the EUROCARE-5 study), and some developed western countries with 

similar health systems (the International Cancer Benchmarking Partnership, the ICBP study). Most 

common cancers were included in both EUROCARE and ICBP studies, but only LC is discussed 

here, as other cancer types are not relevant to the research context of this study. Two cancer 

staging systems, TNM and SEER, are used in different cancer registries. TNM is the acronym for 

the extent of tumour (T), the degree of nodal involvement (N), and metastases (M). SEER stands 

for the US Surveillance, Epidemiology and End Results Program, classifying tumours as localised, 

regional, and distant. 

Relative survival (RS) is a standard approach to compare population-based cancer survival across 

countries. It is the ratio of the observed survival in patients with cancer and the expected survival 

in the general population for all causes of death (i.e. background mortality) in the same 

region/country, stratified by age groups, sex, and calendar year. RS can be understood as survival 

from cancer after adjusting for other causes of death. There are three common indicators of RS, 

1-year RS, 5-year RS, and 5-year survival conditional on 1-year survival (conditional 5-year 

survival, denoted as 5|1-year RS). The reason to use 5|1-year RS is that short-term survival is an 

important driver for longer-term survival in some cancers (Coleman et al., 2011, De Angelis et al., 

2014).  

2.2.1 LC survival in England 

Based on the data from 392,000 adult patients (aged 15-99 years) diagnosed with primary LC in 

England and Wales during 1986-1999 (followed up to 2001), Rachet et al. (2008) estimated the 

trend of LC survival up to 10 years by sex, as shown in Figure 2.1. RS dropped steeply in the first 

year, especially in the first several months after diagnosis, then continued to drop, but much 

slower and more stable afterwards, until the tenth year.  
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Figure 2.1 – Relative survival of LC up to 10 years after diagnosis by sex and year (Rachet et al., 

2008) 

McPhail et al. (2015) used data from the National Cancer Registration Service to estimate 1-year 

RS. Patients diagnosed in 2012 (n=34,997, the whole English population) were followed up to the 

end of 2013. The completeness of cancer stage was unusually high in this study (close to 90%). 

The results showed that most LC cases were still diagnosed at advanced stages. The distribution of 

LC stages in TNM from Stage 1 to 4 were 13.2%, 7.5%, 20% and 49%, respectively, and 10.2% for 

unknown stage. The percentages for men and women in each stage were comparable. Age-

standardised 1-year RS was 37.2% (95% CI, 36.7-37.8), ranging from Stage 1 for 85.1% (84.0%-

86.2%) to stage 4 for only 17.6% (17.0%-18.2%). Another study reported similar stage-specific 

survival statistics in LC (Blandin Knight et al., 2017). Such a big difference in LC survival 

demonstrated the importance of early diagnosis. Stage and age were the two most important 

contributors for the 1-year RS, while other significant factors included sex, income deprivation, 

and geographic area. The 1-year RS substantially decreased with each level of increase in stage at 

diagnosis of LC, which demonstrated the need to shift LC diagnosis to earlier stages, and the 

efforts to improve stage-specific survival for all stages of LC. 

2.2.2 English LC survival in the European context 

EUROCARE was the largest cooperative study on cancer survival in Europe. The most recent study 

(EUROCARE-5) assessed cancer survival from 29 European countries with cases diagnosed during 

2000-2007. The results showed that the 5-year age-standardised RS of LC in the four UK countries 

(8.8% in England, 8.7% Scotland, 8.6% Wale, and 11.0% Northern Ireland) were much lower than 

the mean European level (about 13.0%)(De Angelis et al., 2014). Among 87 cancer registries 

included in the EUROCARE-5 study, 52 registries provided stage information for LC, but only ten 

registries (166,554 patients) provided data up to quality standards to estimate stage-specific 

survival, which indicated the data quality of cancer stage was still a big issue. This study found 
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that older patients (aged ≥70 years) were diagnosed at more advanced stages, and had worse 

stage-specific survival than those aged <70 years. For early stage (localised, <20% of LC cases), 5-

year RS for patients aged <70 years (55%) was 20 percentage points higher than those aged ≥70 

years (35%). For metastatic patients (41% cases), 1-year RS was around 20% and declined to 3%-

4% for 5-year RS. Stage at diagnosis and age were the two crucial factors for LC survival (Minicozzi 

et al., 2017). Older people having worse survival outcomes were perhaps due to existing 

comorbidities and performance status, which made them less suitable for potentially curative 

treatment when they were diagnosed at advanced stages. Early diagnosis may increase the 

chance of survival for older people, not to mention the life years gained for younger patients.  

Abdel-Rahman et al. (2009) estimated that the number (and percentage) of avoidable deaths for 

British patients diagnosed with LC was 3548 (2%) during 1985-1989 (EUROCARE 2), 3735 (2%) 

during 1990–1994 (EUROCARE 3), and 4923 (3%) during 1995–1999 (EUROCARE 4), if RS of the 

three UK nations (England, Wales, and Scotland) could catch up with the mean of the European 5-

year RS. Much more premature deaths could be avoided, if compared with the highest level of 

European survival. Such estimates showed significant public health implications of cancer 

survival, and supported the argument that even small improvements in survival from common 

cancers (like LC) can prevent large numbers of premature deaths in the whole population 

(Coleman et al., 2011, De Angelis et al., 2014). 

2.2.3 English LC survival in the international context 

The International Cancer Benchmarking Partnership (ICBP) study aimed to estimate the up-to-

date survival of the selected cancers, to understand whether international differences in cancer 

survival have changed, to investigate the causes of survival disparities, and to provide high-quality 

research evidence for policymakers to reduce inequalities in cancer survival (Coleman et al., 

2011). Six countries (Australia, Canada, Denmark, Norway, Sweden, and the UK) participated in 

the ICBP study. These countries had similar economic development, comparable nation wealth, 

tax-financed universal health systems, and high-quality cancer registries. 715,330 patients from 

12 jurisdictions (6 countries) during 1995-2007 were included to estimate age-specific and age-

standardised 1-year, 5-year, and conditional 5-year RS in LC. The results showed that all three 

indicators of RS in LC in the UK continuously improved in the three periods (1995-99, 2000-02, 

2005-07). Almost all the improvement could be attributed to the increase of 1-year RS. However, 

1-year and 5-year RS in the UK were at the bottom of the six countries. For 2005-07, 1-year RS 

was around 30% in the UK nations, 35% in Denmark, and 39-44% in Australia, Canada, Norway, 

and Sweden. The 5-year RS was low in the UK, at around 15% in 2010-14, compared with Australia 

and Canada at about 22% (Arnold et al., 2019). The ICBP studies found that patients in the UK 
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nations had the lowest age-standardised 1-year RS in both non-small cell lung cancer (NSCLC) and 

small cell lung cancer (SCLC), and the lowest proportion of adenocarcinoma (25.2%), a histological 

type that had a better prognosis. Stage at diagnosis could explain some of the international 

differences in LC survival, and wide disparities in stage-specific survival still existed. Late diagnosis 

was the main problem for the poor survival in the UK, particularly for patients aged 65 years and 

older (Coleman et al., 2011, Walters et al., 2013, Eden et al., 2019). 

2.2.4 Section summary and discussion: early diagnosis is the key to improve LC survival in 

England 

For population-based studies estimating and comparing cancer survival across countries, the 

authors usually just reported age-standardised RS in different calendar periods, which was 

possibly due to the nature and the scale of such studies. Studies like EUROCARE or ICBP often 

reported RS for 20-30 common cancers in different countries. The length of a research paper does 

not allow authors to report more details. These studies can provide a good overview of the 

incidence, mortality, or survival of a wide range of cancer types across different countries over 

time, which is very informative to compare the performance of health systems in providing care 

and addressing cancer survival. The main limitation of this type of study is that it usually does not 

provide sufficient details for a particular type of cancer in a country, like LC in England. 

Two major issues that appeared in these studies were comparability and data harmonisation 

(Walters et al., 2013) and the lack of robust cancer stage data. Firstly, the data were from 

different countries. Although efforts had been continuously made to harmonise the data 

collection procedures, there were still variations in data quality. Different cancer staging systems 

(TNM or SEER) were used in different countries. Secondly, despite the critical role in cancer 

survival, cancer stage was not used until the most recent EUROCARE study (Minicozzi et al., 2017). 

The quality and completeness of staging information in cancer registries were still a big concern. 

Missing stage was more frequent in older patients, including those in Clinical Commissioning 

Groups (CCGs) with high completeness in England (Di Girolamo et al., 2018). In addition, it was 

difficult to link cancer registry data to large electronic health databases, like the Clinical Practice 

Research Datalink (CPRD) in primary care, or the Hospital Episode Statistics (HES) in secondary 

care. The lack of robust and complete cancer staging data greatly limits broader exploration 

using routine EHRs in empirical studies in the UK. 

There were some possible explanations for the international variations in LC survival among 

countries, including the differences in cancer screening opportunities and the coverage of 

population, diagnostic intensity, stage at diagnosis, cancer biology and histological types, the 
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prevalence of comorbidities in different populations, and provision and accessibility to quality 

treatments and cancer care (Richards, 2009b, De Angelis et al., 2014). Late diagnosis has been 

established as the main reason for the poor LC survival in England, especially for the short-term 

(1-year) survival (Richards, 2009b, Thomson and Forman, 2009). If the analyses were restricted to 

include patients who survived at least one year from diagnosis, the difference in the 5-year 

survival between England and other European countries was smaller (Thomson and Forman, 

2009; Holmberg et al, 2010). McPhail et al. (2015) and Exarchakou et al. (2018) argued that the 

short-term survival reflected the speed and efficiency of patient management in the health 

system, including diagnosis, staging, first definitive treatment, the quality of surgery, and 

postoperative care. As such, Richards (2009b) suggested that 1-year RS could be used as a proxy 

to separate early versus late diagnosis. For the long-term (5-year) survival, it reflected more on 

the effects of treatment and patient management. 

The low LC resection rate was likely to be another factor for the poor LC survival in England. For 

patients diagnosed with NSCLC during 1998-2006, the surgery rate was 9.9% (19,153/192,657), 

which was lower than that in other developed European countries, e.g. 24% in Italy and 18% in 

Sweden. LC surgery is more invasive and technically more complex than breast cancer. A lower 

number of thoracic surgeons, and a higher prevalence of comorbidities among the English 

patients, were the two possible reasons for the low surgery rate for LC (Richards, 2009b, Nur et 

al., 2015b). The proportion of patients receiving LC surgery increased from around 10% in 2008 to 

17% in 2015. Such improvement may partly be due to a higher number of specialised surgeons 

(Exarchakou et al., 2018). 

The UK government recognised the importance of early diagnosis, which was a pivotal avenue to 

improve LC survival. The current government policies and initiatives to promote early LC diagnosis 

in England are summarised in the next section.  

2.3 Policies and initiatives to promote early LC diagnosis in England 

The NHS Cancer Plan for England (Department of Health, 2000) aimed to improve cancer services 

and raise the 5-year survival to the levels of the best performing countries in Europe by 2010. LC 

survival in the UK did improve in the last 20 years. Age-standardised 5-year RS increased from 

7.2% (95% CI 7.0%-7.3%) during 1995-1999, to 14.7% (14.5%-15.0%) in 2010-2014, with an 

absolute increase of 7.5 percentage points (Arnold et al., 2019). However, the UK still lagged 

behind the best performing countries, as LC survival improved in those countries as well, even 

faster. Denmark used to be in the same tier of cancer survival as the UK, but now it had the 

largest absolute increase (10.7 percentage points, from 8.2% in 1995-99 to 18.9% in 2010-14) 
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(Arnold et al., 2019). The Danish three-legged strategy (Vedsted and Olesen, 2015), a 

differentiated approach for referrals from general practice to support early cancer diagnosis, 

seemed to work well.  

If the UK wanted to achieve the best European LC survival, it required a shift of diagnosis to earlier 

stages. Early diagnosis may lead to prompt treatment and prolonged survival, but also can result 

in overdiagnosis and lead-time bias. A health economic analysis was conducted to assess the likely 

impact of early LC diagnosis on the costs and benefits to the NHS (Department of Health, 2011a). 

The estimated additional costs for diagnostic services would be around £95 million, and the 

additional treatment costs £9m. Treatment costs would be higher if patients were diagnosed 

earlier, as more treatments would be needed during the prolonged survival. However, the model 

suggested a population benefit of 42,083 life-years gained. The average cost to save a life was 

£2,376, which was very cost-effective. 

2.3.1 National initiatives and campaigns for LC 

The National Awareness and Early Diagnosis Initiative (NAEDI) was launched in November 2008 in 

England, as part of the Government’s strategy to improve cancer outcomes. The main aim of 

NAEDI was to address the poor cancer survival by reducing the number of patients diagnosed and 

treated in late stages. LC was prioritised in this initiative. NAEDI also tried to improve and 

optimise the diagnostic pathway within the health system. Actually, the data for this PhD study 

was from a study funded by NAEDI. The Cancer Reform Strategy (2007) emphasised the 

importance of public awareness of symptoms recognition and signs indicative for LC to early 

diagnosis. NAEDI echoed and acted on this suggestion. National campaigns were carried out to 

raise public awareness of symptom presentation and timely help-seeking behaviours (Richards, 

2009a, Thomson and Forman, 2009, Hiom, 2015). The national campaign Be Clear on Cancer 

(BCOC) was launched in England in 2012, to raise public awareness of the key symptoms of bowel 

and lung cancers, targeting people aged 50 years and over, especially for the lower socioeconomic 

groups, as this group of patients were associated with lower health literacy and less aware of 

cancer symptoms (Rubin et al., 2014, Whitaker et al., 2015). The key message for the LC campaign 

was “If you have been coughing for three weeks or more, tell your doctor” (Moffat et al., 2015). 

The future campaign should raise public awareness of other symptoms indicative of LC, and 

increase engagement with the lower socioeconomic groups. 
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2.3.2 LC screening in England 

Screening is one possible route to achieve early cancer diagnosis. The US Prostate, Lung, 

Colorectal and Ovarian (PLCO) screening trial concluded that screening asymptomatic populations 

with chest X-ray (CXR) did not reduce LC mortality (Oken et al., 2011). The US National Lung 

Screening Trial Research Team et al. (2011) reported a 20% reduction in LC mortality with an 

annual low dose computed tomography (LDCT) in an asymptomatic high-risk population, which 

was defined as participants aged 55-74 years at the time of randomisation in that study, who had 

a cigarette smoking history for at least 30 pack-years or quit smoking within the previous 15 years 

for ex-smokers. LDCT would be less cost-effective if applied to individuals at lower risk of LC, 

because more people need to be screened, in addition to the cost of LDCT. Therefore, the 

common practice is to use a validated model/questionnaire, e.g. PLCOM2012 (developed in the US 

population) (Tammemägi et al., 2013), or the Liverpool Lung Project (LLP) risk model (the UK 

population) (Cassidy et al., 2008), to select subjects at high-risk who are more likely to develop LC.  

The UK Lung Cancer Screening trial was the first population LC screening trial using LDCT. A large 

population sample (n=88,897) aged 50-75 years were approached, with a questionnaire to 

determine the risk. Those with an estimated risk of at least 5% of developing LC in the next five 

years (based on the LLP risk model) were invited to participate in the trial. Higher socioeconomic 

status positively correlated with the response rate, but inversely correlated with risk (McRonald et 

al., 2014). The UK Lung Cancer Screening trial randomised 4,055 subjects, 1,994 underwent LDCT, 

42 (2.1%) patients confirmed LC, 85.7% (36/42) were in stage I or II, and 83.3% (35/42) had 

surgical resection. Health economic analysis suggested that LDCT be cost-effective, £8,466 per 

quality-adjusted life-year gained (95% CI, £5,542-£12,569)(Field et al., 2016). 

The community-based nurse-led ‘Lung Health Check’ LDCT screening in Manchester used the 

PLCOM2012 risk model to select participants in deprived areas based on the risk of developing LC. 

This project started in 2017. Initial findings suggested high screening adherence (90%, 

1,194/1,323), although most participants were from the lowest decile of deprivation in England. 

The incidence rate was 1.6% (n=19) and 79% (15/19) patients were diagnosed in stage I (Crosbie 

et al., 2019), which indicated an early diagnosis of LC through LDCT screening in a deprived 

population seemed achievable.  

LDCT screening can cause harm. According to a systematic review, a relatively high proportion of 

subjects (about 20%) were identified with nodules, but most nodules were benign (Bach et al., 

2012). Additional radiological investigation of these nodules can trigger increased radiation 

exposure. The value of LDCT screening should be weighted between the risk of LC and the 

potential harms. Overdiagnosis and patient’s psychological burden should not be neglected. 
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Patients may experience distress and anxiety when waiting for the scan results, and fear even 

with a slight suspicion of LC. 

Smoking could easily cancel out the potential gains from LC screening. LDCT screening offered a 

teachable moment for participants to consider giving up smoking, especially for those who 

received a positive scan result. The smoking cessation rate among participants in the UK Lung 

Cancer Screening trial was 11% in the short term and 22% at two years follow-up, higher than 4% 

in the general UK population (Brain et al., 2017). But another study reported that pulmonary 

nodule detection during LC screening had little impact on smoking behaviours (Clark et al., 2018). 

Further behavioural research is needed to find the optimal strategies to integrate evidence-based 

smoking cessation interventions with stratified LC screening, especially for smokers from 

socioeconomically deprived backgrounds (Brain et al., 2017).  

The UK National Screening Committee makes recommendations for all screening programmes. 

The debate of potential benefits and harms, diagnostic statistical indicators (sensitivity, specificity, 

positive predictive value, negative predictive value), and cost-effectiveness may be the reasons 

why LDCT is not currently recommended for LC screening in the UK. The Committee may review 

this decision following the final published results from the largest European (Dutch-Belgian 

NELSON) trial (Bradley et al., 2019b). The majority of LC diagnosis is still made through 

symptomatic presentations by patients and appropriate investigation by vigilant GP. This is why 

this PhD study focuses on understanding the interdependent patient-GP events in the primary 

care setting. Smoking cessation remains a valuable and cost-effective preventive measure for 

chronic cardiorespiratory diseases and LC. 

2.3.3 NICE recommended LC care pathways, diagnosis and staging procedures 

Accurate diagnosis and staging LC are the premises to offer patients the best possible treatment. 

Optimising the steps in cancer diagnosis and staging, and completing the necessary procedures as 

quickly as possible can reduce delays in diagnosis and treatment. The National Institute for Health 

and Care Excellence (NICE) is a British organisation that provides guidance and advice for clinical 

practice to improve patient care. The LC care pathway was available online 

https://pathways.nice.org.uk/pathways/lung-cancer (last accessed on 20 October 2020). The 

latest recommendation on the LC care pathway and the diagnosis and staging pathway are in 

Figure 2.2 and Figure 2.3, respectively.  

https://pathways.nice.org.uk/pathways/lung-cancer
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Figure 2.2 – The latest NICE lung cancer care pathway (October 2020) 

 

Figure 2.3 – The latest NICE pathway for diagnosis and staging LC (October 2020) 
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GP is advised to offer a chest X-ray for patients aged 40 and over if they have two or more of the 

following unexplained symptoms, or have one or more of the following symptoms but patients 

have smoked before: cough, fatigue, shortness of breath, chest pain, weight loss, and appetite 

loss. The GP should consider offering an urgent CXR (to be performed within two weeks) for 

patients presenting with haemoptysis, or patients aged 40+ years with any of the following 

unexplained or persistent (last for more than three weeks) symptoms or signs: cough, 

chest/shoulder pain, dyspnoea (breathlessness), weight loss, chest infection, hoarseness, finger 

clubbing, features suggestive of metastasis from an LC (for example, in brain, bone, liver, or skin), 

cervical/supraclavicular lymphadenopathy.  

For patients whose CXR findings suggest LC or aged 40 and over with unexplained haemoptysis, 

they qualify for a suspected LC rapid referral – an appointment with a chest physician within two 

weeks. If the CXR is normal but there is a high suspicion of LC, and the symptoms continue being 

present in the patient, or new symptoms develop, then further investigation is warranted. A 

repeat CXR could be ordered, or offer the patients an urgent referral to a member of the LC 

multidisciplinary team (MDT), usually a chest physician (The National Institute for Health and Care 

Excellence (NICE), 2019). 

2.3.4 Waiting time targets in the cancer care pathway in England  

The Department of Health (2011b) set three waiting time targets in the cancer care pathway, 

including the two-week wait referral, the 31-day and 62-day wait for treatment (Figure 2.4). The 

two-week wait is to support early cancer diagnosis, meaning that patients with potential cancer 

symptoms should be seen by a specialist within two weeks of an urgent GP referral for suspected 

cancer. Patients should start their first definitive cancer treatment within 31 days of a decision to 

treat, or within 62 days of a GP referral for suspected cancer. The underlying rationale is that the 

sooner the patients receive their treatment, the better chance they can have a favourable clinical 

outcome. 

 

Figure 2.4 – Waiting time targets for referral and treatment in cancer within NHS (Forrest et al., 

2014a) 
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An English study found that late stage, SCLC, and poor performance status were more likely to 

meet the recommended target of referral interval (14 days), diagnostic interval (31 days), and 

treatment interval (62 days). Older patients were significantly less likely to receive treatment 

within the 31 days (and 62 days) targets. Sicker patients were more likely to attract physicians’ 

attention, they were referred, investigated, diagnosed, and treated more quickly (less system 

delay), but had worse survival outcomes (Forrest et al., 2014a). This phenomenon was called 

‘waiting time paradox’ (Torring et al., 2013) or the ‘sicker quicker effect’ (Forrest et al., 2015). A 

possible explanation was that these patients were in critical conditions or terminally ill, and the 

presented severe symptoms were more likely to draw physician’s attention and discover the 

underlying aggressive disease, which reflected as a quicker referral, shorter interval, prompt 

diagnosis, but poorer outcome of shorter survival (Torring et al., 2013). Studying the primary care 

pathways to LC diagnosis among this group of patients may help us understand how patients 

utilised primary care services and how GP responded to their care needs, which may shed some 

light on this phenomenon. 

2.3.5 Section summary 

This section reviews how the UK government and research charities addressed the poor LC 

survival. Health policies are in place. The NICE referral guideline, LC diagnosis and the care 

pathway for the best practice are summarised. Fast track referral (two-week wait) was introduced 

and national initiatives were launched to engage the public and raise public awareness of LC 

symptoms. All of these are the strategies to promote early LC diagnosis. Smoking cessation plays a 

vital role in prevention, especially for heavy smokers in socioeconomically deprived backgrounds. 

Due to a lack of an effective screening program in England, early diagnosis of LC still relies on 

symptomatic presentation in primary care. The next section will be the current research 

paradigms of the cancer diagnosis and care pathway and discuss their respective limitations. A 

new research angle – studying primary care sequences/pathways, is proposed at the end of the 

next section, which is complementary to the current research paradigms. 

2.4 Current research models and paradigms of early diagnosis research 

2.4.1 The conceptual model of the cancer care pathway 

2.4.1.1 The Aarhus statement 

The cancer care pathway is a trending research topic, as researchers are interested in knowing the 

problems and the gaps in the current pathways, and then finding solutions to fix the problems, 
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addressing the gaps, and optimising the pathways to improve patient outcomes. Studies 

investigating cancer care pathways often use different ways to define and measure intervals or 

delays. A scoping review including 65 articles from 21 countries published in English during 2007-

2016 found 96 variations of intervals related to LC diagnosis and treatment (Jacobsen et al., 

2017). The lack of consensus on methodology and measurement make it difficult to compare the 

results across studies from different populations and countries. A panel of experts came up with 

the Aarhus statement (Weller et al., 2012) to guide researchers in the field of early cancer 

diagnosis. The Aarhus checklist defined some milestone dates and intervals in the cancer care 

pathway, including: 

 The date of the first symptom: defined as ‘the time point when the patient first noticed 

bodily changes and/or symptoms’. However, it may be difficult for patients to appreciate the 

onset of the first symptom and recall relevant dates (prone to recall bias), also difficult for 

physicians or researchers to track back this information from EHR database.  

 The date of the first presentation: the date that the patient presented in general practice 

with signs or symptoms probably due to cancer; 

 The date of referral: the date that the referral letter was sent, which was a transfer of 

responsibility from a GP to a specialist; 

 The date of the first attendance in secondary care: the date that the patient was assessed 

and investigated in an outpatient clinic or hospital admission; 

 The date of diagnosis: there were four possible ways to determine the date of cancer 

diagnosis, listed below. Researchers should clearly state which date they use in their studies. 

1) when the pathological specimen was reported as malignancy; 

2) when the MDT met to make the diagnosis;  

3) when the patient was told the results; 

4) when the diagnosis from the confirmation letter was coded in the EHRs.  

The dates of referral, first attendance in secondary care, and diagnosis can be easily accessed 

from EHRs, and are relatively accurate. The Aarhus Statement provides general recommendations 

to study all types of cancer. Considering the symptoms of LC are non-specific and hard to detect, 

whether it is possible to know the first symptom of LC and the date of the first presentation will 

be discussed in the final chapter of this thesis, with examples from this study. 
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Figure 2.5 – A conceptual model of cancer care pathway illustrating the milestones and intervals 

from the first symptom to the start of treatment (Olesen et al., 2009) 

2.4.1.2 Intervals and delays relevant to primary care investigation 

The Aarhus statement recommends using the term ‘interval’ rather than ‘delay’ to describe the 

duration between any of the two milestone dates. The term ‘delay’ was criticised as judgemental 

and potentially stigmatising, due to its implications of intent (Dobson et al., 2014). Intervals are 

the periods between two milestone events, including: 

 Patient interval: the period from the patient’s first experience of a potential cancer symptom 

to the first visit in primary care. It is difficult to accurately measure patient interval, as it is 

hard for patients to recognise the symptoms of LC, thus often not able to remember the date 

of non-specific symptoms; 

 Primary care interval: the time between the first symptomatic presentation and the first 

specialist referral; 

 Referral interval: the period between referral and first attendance in secondary care; 

 Diagnostic interval: the duration from patient’s first presentation in primary care to the date 

of a confirmed cancer diagnosis 

Neal (2009) summarised some possible approaches to reduce different intervals: 

 Reducing patient interval: by increasing public awareness of symptoms and signs of cancer, 

and knowing how and when to act; 
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 Reducing primary care interval: by increasing the awareness of potential cancer symptoms 

among GP, and lowering the thresholds for urgent referral and GP-initiated investigations; 

 Reducing system delay: by improving healthcare infrastructure to shorten the time that the 

health system needs to process investigations, revising and implementing urgent cancer 

referral guidelines to shorten patients’ waiting time. 

2.4.1.3 Current research evidence between diagnostic interval and outcomes (stage at 

diagnosis and survival) 

The rationale for studying pre-diagnostic indicators and primary care characteristics before LC 

diagnosis (e.g. various intervals, the number of consultations) was that shorter diagnostic 

intervals could lead to earlier stages at diagnosis and better cancer outcomes (Rubin et al., 2014). 

The English National Audit of Cancer Diagnosis in Primary Care (2009/10) found that 80% of LC 

cases (1,200/1,494) had GP-initiated investigation (Lyratzopoulos et al., 2013). The mean primary 

care interval was 34.5 days (median 13, IQR 3, 39 days). Compared with patients without primary 

care investigation, 23.6 more days (95% CI 16.8-30.0) were needed for primary care investigation 

(P<0.0001), 4.5 more days (1.6-10.1) for referral interval, 28.6 more days (19.4-36.8) for the pre-

hospital interval. The number of consultations and primary care investigation had a positive 

correlation with the median primary care interval. This study only measured the promptness of 

cancer diagnosis in primary care. It was unclear whether the prolonged interval led to a delay in 

LC diagnosis. 

In another English study, patients with alert symptoms for LC (9.3%) had a much shorter median 

diagnostic interval (35 days, IQR 17-78 days) than those with non-alert symptoms (99 days, IQR 

38-222 days). The 5-year RS for LC patients with alert symptoms (12.0%, 95% CI 9.4%-15.1%) was 

also higher than patients with non-alert symptoms (7.4%, 6.6%-8.3%), no matter how long the 

diagnostic interval was (varied from <1 month to >6 months)(Redaniel et al., 2015). For patients 

with non-alert symptoms, longer diagnostic intervals were associated with lower mortality, as it 

was likely that this group of patients were still in the early stages of the disease. The longer 

diagnostic interval was probably because GP applied the ‘watchful waiting’ strategy to allow the 

evolvement of non-alert symptoms to rule in or rule out cancer. 

According to a systematic review, the association between different intervals and the two 

outcomes (stage at diagnosis and survival) in LC was still inconclusive (Neal et al., 2015b). There 

were similar numbers of studies reporting positive, negative, and no associations (mixed findings, 

20 studies in total). Study design, population, variation in the definitions of different intervals, 

covariates included, and different statistical models used across studies, may be the possible 
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explanations why the findings were inconsistent. Future studies following the recommendations 

of the Aarhus statement may produce a more robust estimate of the intervals, which can help us 

better understand how different intervals would influence the clinical outcomes of LC. 

2.4.1.4 The limitation of the conceptual model of the cancer care pathway 

The major limitation of this research paradigm is that the rich and complex information of 

primary care consultations over time is simplified as a primary care interval, which is a number, 

usually using day as a unit. What makes it worse is that this interval is not even accurately 

measured in current research. A possible new research paradigm is to use concrete primary care 

events to construct primary care sequences (see the following subsection 2.4.3), and investigate 

the association between primary care sequences and the clinical outcomes (stage at diagnosis and 

cancer survival). Primary care sequences can provide richer information than intervals, for 

instance, to explain the waiting time paradox (subsection 2.3.4). The pre-diagnostic activities in 

primary care may help explain why patients who had shorter diagnostic intervals had worse 

clinical outcomes. 

2.4.2 The route to diagnosis of LC 

‘Route to Diagnosis’ is used to categorise a patient’s journey to cancer diagnosis, based on the 

setting and the referral route to secondary care. Elliss-Brookes et al. (2012) categorised eight 

routes to diagnosis for all cancer types using multiple English routine datasets, namely, screen-

detected, GP referral, two-week wait, emergency presentation, inpatient admission, outpatient 

appointment, death certificate, and unknown. The three most frequent routes for LC were 

emergency presentation (39%), two-week wait (24%), and GP referral (17%), accounting for 80% 

of all LC cases included in that study (n=96,735). One-year survival for two-week wait and GP 

referral was around 40%, while emergency presentation was only 12%, much lower than the 

average of all eight routes combined (29%). Emergency presentation is often related to a poorer 

prognosis, as it indicates that cancer develops to a late stage. 

2.4.2.1 Two-week Wait 

The two-week wait referral was introduced in 2000 to improve early diagnosis, which can be seen 

as a fast-track GP referral. Patients urgently referred for suspected cancer investigation by their 

GPs can expect to be seen by a specialist within two weeks. The implementation of the NICE 

urgent referral guidelines for suspected cancer in 2005 resulted in an average reduction of 

diagnostic interval for 2.4 days in LC (nonsignificant change though, P=0.47). NICE qualifying 

symptoms for urgent referral had shorter diagnostic intervals than non-NICE qualifying symptoms 
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(Rubin et al., 2014). Moller et al. (2015) assessed the overall effect of the English urgent referral 

pathway on cancer mortality in England. After four years of follow-up (215,284 patients from 

8049 general practices, 2009-2013), the authors concluded that using the urgent referral pathway 

was associated with reduced mortality in colorectal, lung, breast, prostate, and other cancers. 

However, the author did not report each type of cancer individually. The impact of urgent referral 

on LC survival is still unknown.  

2.4.2.2 Emergency presentation 

Cancer diagnosis through emergency presentation is that the diagnosis occurs shortly after an 

emergency/unscheduled/unplanned hospital admission or emergency treatment. The admission 

could be initiated by patient seeking help through an emergency portal, the acute and emergency 

(A&E) department, or by a GP referring the patient to the A&E (including out of hours), 

emergency transfer, or by a secondary physician admitting the patient directly from an outpatient 

clinic (Elliss-Brookes et al., 2012, Mitchell et al., 2015). If emergency presentation is the result of a 

direct referral by the GP, technically, the route is ‘emergency presentation via GP’. For LC, the 

percentage of patients diagnosed through emergency presentation was the third highest (39%) 

among all cancer types, after brain and pancreatic cancers (Elliss-Brookes et al., 2012). Other 

English studies reported similar percentage in emergency presentation, 36% (n=9601, male 35%, 

female 38%)(McPhail et al., 2013), 38.5% (62,498/162,543, 2006-2010)(Abel et al., 2015), and 

39.4% (145/368) in a Scottish study (Murchie et al., 2017).  

Diagnosis through emergency presentation is associated with poorer outcomes, including 

advanced stages (III, especially IV), less suitable for surgery, shorter survival, and higher mortality 

(McPhail et al., 2013, Tataru et al., 2015). The proportion of LC patients diagnosed through 

emergency presentation in stage IV (59%) was substantially higher than that in other common 

cancers (e.g. breast, colorectal, and kidney, around 30%)(Zhou et al., 2017). Patients emergently 

admitted were significantly less likely to receive LC surgery (0.1%), compared with those electively 

admitted (9.7%)(Raine et al., 2010). Emergency presentation was highly predictive of short-term 

cancer mortality (1 year), especially in the first three months after diagnosis (McPhail et al., 2013). 

LC cases in emergency presentation could be missed opportunities for possible earlier diagnosis. 

Emergency presentation was more likely for patients registered at GP practices with poor quality 

and outcomes framework (QoF) performance, more non-UK qualified GPs, and fewer 48h 

appointments (Murchie et al., 2017). Patients’ sociodemographic characteristics were also 

associated with emergency presentation. The oldest-old group (85+) had the highest percentage 

(54%) of emergency presentations (McPhail et al., 2013). Female and patients in the most 

deprived quintile were at greater risk of emergency presentation in LC (Raine et al., 2010, Abel et 
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al., 2015). Non-respiratory, atypical, non-red flag symptoms, more comorbidities, patients lack a 

regular source of primary care, and lower primary care use (no visits in the previous 12 months 

before diagnosis), and higher secondary care utilisation were identified as risk factors for 

emergency presentation in reviews (Mitchell et al., 2015, Zhou et al., 2017). The effectiveness of 

screening programs to avoid LC diagnosis through emergency presentation is unknown, as there is 

no LC screening programme available for the whole population in the UK at the moment. 

2.4.2.3 The limitation of ‘route to diagnosis’ 

‘Route to diagnosis’ is only concerned with the referral mechanism and how patients arrive in 

secondary care, which is more like the destination, i.e. the final step of the process, rather than 

the whole process. Two-week wait, GP referral, and emergency presentation are the three main 

routes to LC diagnosis. Taking regular GP referral as a reference, two-week wait is a fast track 

route, usually having better outcomes, while emergency presentation results in the opposite 

direction (worse outcomes). Maringe et al. (2018) reported that the proportions of GP-led 

emergency presentation dropped from 28.3% in 2006 to 16.3% in 2013, whilst patient-led 

emergency presentation increased from 62.1 to 66.7%. High proportions of emergency 

presentation in LC were mainly due to more patient-initiated attendances in A&E, rather than the 

problems within specific bad performance practices. The finding of this study demonstrated the 

importance of studying primary care pathways to gain a deeper understanding of why patients 

bypassed primary care and presented in the emergency department. Most patients in these 

routes had primary care contacts to different extents. Studying the primary care sequences may 

have the potential of providing new knowledge on why patients end up in different routes to 

diagnosis (two-week wait, emergency presentation) and why the “missed opportunity” cases 

happen. 

2.4.3 Proposing a new research paradigm – primary care sequence/pathway 

Due to the limitations of the current research paradigms (discussed in subsections 2.4.1.4 and 

2.4.2.3, respectively), a new research paradigm for early diagnosis research, which is studying 

primary care sequences/pathways, is proposed and explored in this thesis. Primary care 

sequence/pathway is defined as a series of consultations between patients and HCPs (mainly 

GPs) in general practice, which happens in chronological order. It includes two elements in each 

consultation – the reason the patient attends to the surgery and the response of GP gives to the 

patient. Patient and GP events are interdependent. Such interdependence is relevant in primary 

care, as help-seeking is generally patient-initiated, compared with more scheduled appointments 

and elective procedures in secondary care in the English health system (more discussion in 
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subsection 2.5.1). GP’s response is dependent on the patient’s presentation and health 

conditions. Interdependence also means that the patient can revisit the practice if the previous 

GP action does not work for him/her.  

A primary care sequence includes all relevant patient and GP events, rather than milestone events 

(snapshots) in the pathway. Therefore, the sequence can include more details in the primary care 

pathways that could have been missed in the conceptual model. Studying primary care sequences 

preceding diagnosis is particularly important for “harder to suspect” cancers, which was defined 

using the proportion of patients with multiple consultations, as a measure of diagnostic difficulty 

(Lyratzopoulos et al., 2014). LC was classified as “harder to suspect” cancer. 32.8% of patients 

with potential LC symptoms consulted their GP three times or more before referral (Lyratzopoulos 

et al., 2013). Essentially, non-specific and atypical symptoms for LC are the main reason for 

multiple consultations and difficult to suspect LC in primary care. More consultations significantly 

increase the median referral interval for LC. Multiple consultations and prolonged diagnostic 

intervals may affect clinical outcomes and patient experiences. Longer diagnostic interval is 

associated with increased mortality (Rubin et al., 2014). Studying primary care 

sequences/pathways retrospectively may provide us new insight on how GP can better manage 

patients in general practice, how to reduce the number of consultations, shorten primary care 

interval, and optimise the primary care pathway. As to the conceptual model, it may be more 

suitable to be used to study “easier to suspect” cancers (e.g. breast, melanoma, testicular, and 

others), with fairly specific symptoms (e.g. a lump or a visible mole), and simpler pathways. 

Furthermore, the conceptual model more focuses on the lengths of different intervals providing 

numeric information, while primary care sequences can provide information about what exactly 

happened within these intervals (concrete events). Therefore, studying primary care sequences 

may elucidate the reasons and the variation in different lengths of the diagnostic interval among 

patients. 

The central argument of this thesis is that primary care sequence/pathway should be a 

significant component in early diagnosis research, complementary to (NOT substitute) the 

current conceptual model of the cancer care pathway (Figure 2.5) and ‘route to diagnosis’. The 

next section will explain why primary care plays an important role to achieve early diagnosis of LC 

in England, and further justify the need to study primary care sequences. Comorbidities and SES 

are the two constructs that can influence the whole LC care pathway. One research aim in this 

study is to investigate the relationship between patients’ comorbidity burden, SES, and the 

patterns of primary care sequences. Research evidence between comorbidities, SES, and LC is 

summarised in the following section. 
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2.5 Lung cancer diagnosis from primary care in England 

2.5.1 The role of primary care in England, and the opportunities and challenges of early 

diagnosis of LC from primary care 

The WHO defines primary care as “first-contact, accessible, continued, comprehensive, and 

coordinated care” (World Health Organization, 1998). General practice can provide a range of 

services for common health problems in the community. It is the setting where symptoms are first 

assessed and managed. Encouraging patients to seek help in general practice in the first instance 

is more cost-effective, which can reserve hospital resources for patients in more severe 

conditions. Through continuous care, GP can know the patient’s long-term health problems, build 

a relationship with the patient, and provide a whole-person, rather than disease-centred care. GP 

usually acts as the role of coordinator between patients and specialists. However, in countries 

with a gatekeeper system, the referral process itself might generate inequalities. For example, it is 

more challenging for socioeconomically deprived patients to navigate the health system. Deprived 

patients usually have more chronic health conditions and psychological problems than wealthy 

patients. They wait longer to see a GP, have a shorter time in clinical consultations, and are less 

satisfied with the experiences (Rubin et al., 2015). 

Most residents in the UK have a registered GP. Over 90% of patient contacts occur in primary 

care, with less than 10% of the NHS budget. It was estimated that about 300 million consultations 

occurred in general practice in England every year (Rubin et al., 2011). The broad coverage of the 

general population, the role of GP as a gatekeeper, and the intensity of contacts, make primary 

care an ideal setting to facilitate early diagnosis of cancer. Usually, a primary care consultation 

tackles ‘one problem at a time’. According to a report by the Royal College of General 

Practitioners (RCGP) (2019), the duration of GP appointments in the UK was 9.2 minutes on 

average, considerably shorter than that in other Western European nations (Round et al., 2013). 

Such a short time does not allow GP to thoroughly obtain a patient’s health history or elicit clinical 

signs and symptoms in one consultation, which may increase the risk of multiple consultations, 

prolonged diagnostic interval (subsection 2.4.1.2), delayed investigation and diagnosis. RCGP 

(2019) suggested that all primary care appointments should be at least 15 minutes long. However, 

a shortage of qualified GP, heavy workload and time pressure on GP make this recommendation 

infeasible at the current English general practice.  

Some organisational characteristics of the primary care system in England were associated with 

stage at diagnosis in LC. Easier access to primary care (indicator: fewer patients per GP), younger 

(aged <50 years) and female GP, efficient use of the referral system (higher percentage of two-
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week wait) and faster investigation by GP reduced the proportion of patients diagnosed in 

advanced stages (III/IV) of LC (protective factors). In contrast, being at a practice with a higher 

emergency admission rate was associated with a higher percentage of advanced stages at 

diagnosis (Maclean et al., 2015). 

GP needs to deal with a wide range of complaints and symptoms in daily consultations. A major 

challenge for GP is to determine whether the non-specific symptoms are due to severe health 

problems (e.g. cancer) or common self-limiting diseases. Clinical decision making in primary care 

is mainly based on risk estimation. In the presence or absence of symptoms and physical signs, 

GPs can make a judgment on how likely the assumed disease would be and the severity. If the risk 

of severe disease is low, then no further action is needed, and the patient could afford a ‘watch 

and wait’ approach (Rubin et al., 2015). Time will allow GP to observe whether the 

undifferentiated symptoms develop to more specific ones or resolve spontaneously. In this sense, 

time is a diagnostic tool. But if the risk is high, prompt intervention is warranted. Bjerager et al. 

(2006) summarised some possible GP actions after a patient presenting with respiratory 

symptoms: treatment for lung infection, intensified treatment for chronic diseases, treatment for 

a new suspected disease, acute admission, referral to CXR, referral to an outpatient clinic, referral 

to physiotherapy, blood tests, other investigations, wait and see. 

The main investigation for suspected LC in primary care is CXR, which is cheap and accessible to 

GP. But the biggest problem is in its high false-negative rate to detect LC. Stapley et al. (2006) 

reported 23% (38/164) of patients diagnosed with LC, whose CXRs were negative. A systematic 

review found there was still a paucity of evidence on examining the sensitivity of CXR in detecting 

LC among symptomatic patients. The highest-quality studies (only three) suggested that the 

sensitivity of CXR for symptomatic LC was 77%-80% (Bradley et al., 2019a). No particular symptom 

was significantly associated with negative CXRs. A CXR reported as normal could be truly normal. 

It was also possible that the lesion was too small for the radiologist to visually identify, or the 

tumour hidden behind the intra-thoracic structures or the skeleton. GP considered CXR as a 

“blunt instrument” to investigate potential LC. Further investigation may be needed in high-risk 

patients who have a negative result of CXR. They expressed a need to direct access to more 

sensitive diagnostic tools in primary care, like CT scans (Wagland et al., 2017).  

2.5.2 The difficulty of early LC diagnosis – lack of specific symptoms 

Possible LC symptoms include persistent or unexplained cough, haemoptysis, dyspnoea, chest 

pain, chest/lung infection, hoarseness, unexplained weight loss, anorexia (appetite loss), fatigue, 

finger clubbing, shoulder pain, upper back pain, stridor, superior vena cava obstruction (Del 
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Giudice et al., 2014). Cough is the most common symptom seen in primary care, very often with 

repeated attendances. As the first symptom, cough is present in nearly a quarter of patients with 

LC. The positive predictive value (PPV, the probability that subjects with a symptom or a positive 

screening test truly have the disease) of cough for LC increases with each attendance, but remain 

<1% after three presentations. If there are no other suspicious symptoms along with cough, both 

patient and physician can adopt a ‘watchful wait’ strategy to allow the disease to become clearer 

(Hamilton et al., 2005). Respiratory symptoms with a low risk of LC increase time to diagnosis, and 

are more likely to be benign respiratory diseases rather than LC (Walter et al., 2015). Due to the 

non-specific symptoms, GP may not necessarily link the common symptoms with LC. For chest and 

shoulder pain, GP may initially consider cardiac or musculoskeletal diseases. For hoarseness, 

laryngeal cancer is more likely than LC. Examination of the vocal cords would be the priority 

(Hamilton and Sharp, 2004).  

Patients being referred due to suspicion of LC often have complex symptomatology. Synchronous 

first symptoms are common (Walter et al., 2015). Cough, dyspnoea, and haemoptysis (coughing 

up blood) are the three most common symptoms, either reported by patients or recorded by GPs 

(Shim et al., 2014). Symptoms and signs with a PPV ≥5% are regarded as highly predictive of 

cancer. A systematic review (Shapley et al., 2010) found that only haemoptysis have a PPV >5% 

for LC, which is the symptom consistently indicated as a predictor of LC. Other symptoms 

independently associated with LC diagnosis include appetite loss, weight loss, fatigue, and 

fever/flu (Hippisley-Cox and Coupland, 2011, Shim et al., 2014). Having a second symptom with 

haemoptysis markedly increases the PPV for LC, especially recurrent haemoptysis (Hamilton et al., 

2005). However, only 4.6% of patients diagnosed with LC presented haemoptysis as the first 

symptom in primary care (Walter et al., 2015). A systematic review found that the diagnostic 

values of most symptoms for LC are inconclusive, and there is insufficient evidence to suggest a 

symptom profile for LC across different stages (Shim et al., 2014). Diagnosis of LC based on 

symptoms is difficult. Vedsted and Olesen (2015) argued that it is important to consider the 

symptom epidemiology throughout the pathway, because it has implications on how GPs 

interpret the presentation of symptoms and the decisions around patient management and 

investigation. Their opinion echoes the emphasis of interdependent patient-GP events in 

primary care sequences in this thesis. 
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2.5.3 Comorbidities and LC 

2.5.3.1 The rationale on how comorbidities could influence cancer diagnosis and survival 

Comorbidity was defined as the coexistence of health conditions in addition to the primary 

disease of interest (Feinstein, 1970). There are several reasons why other diseases coexist with 

cancer. First, many comorbidities and cancers share common risk factors, like older age, smoking, 

heavy alcohol drinking, poor diet, lack of physical exercise, inactivity, obesity. Second, the 

biological mechanisms associated with comorbidity may predispose to cancer. Chronic infections, 

diseases in the immune system, and diabetes mellitus are associated with an increased risk of 

cancer (Sarfati et al., 2016). Comorbidity could influence the morphology, histology, 

differentiation, proliferation status, the growth of cancer, and affect the prognosis (Islam et al., 

2015). Comorbidity can influence the timing of cancer diagnosis in two ways. Patients may have 

more contact with HCPs, thus increasing the chance of getting an early diagnosis. Conversely, 

comorbidity may distract either the patient or HCPs (or both) from the primary disease (cancer), 

resulting in delayed diagnosis (Sarfati et al., 2016). 

Comorbidity is an important moderator for cancer outcomes. Evaluating the impact of 

comorbidity on cancer outcomes in a causal relationship is difficult, as different comorbidities 

may interact with each other through various mechanisms in a very intricate and complex human 

body (Islam et al., 2015). There is no gold standard (Sarfati, 2012, Sharabiani et al., 2012), nor 

validated tool available (Grose et al., 2011) to assess the comorbidity burden specific to LC, 

although the Charlson comorbidity index is the most widely used instrument to measure the 

disease burden of patients. The common research practice is to cut the total comorbidity score 

into two or three categories, compare with the reference category of “no comorbidity”. However, 

the Charlson comorbidity index does not measure comorbidity as precisely as clinical data, as it 

only includes less than 20 health conditions, while there are more possibilities in the real world. 

Furthermore, the Charlson comorbidity index may be outdated now. For example, the weighting 

for HIV/AIDS is probably too high, as treatments for HIV/AIDS have been significantly improved, 

compared with the time when the Charlson comorbidity index was created (the 1980s).  

Comorbidity is found to have an adverse impact on cancer survival, although the magnitude of the 

impact was different among studies. It depends on how comorbidity is operationalised, study 

population, cancer type, cancer stage, treatment modalities, and the outcome measure (Sarfati et 

al., 2016). The number and severity of comorbidities at the time of cancer diagnosis strongly 

influence the probability of dying from non-cancer causes, and also may influence cancer-specific 

survival (Edwards et al., 2014). For potentially curable NSCLC, patients who are offered surgery 

have fewer and less severe comorbidities, while patients who receive the least active palliative 
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treatments have the most severe comorbidities (Grose et al., 2014). It means that comorbidities, 

patient’s age, and performance status have a significant impact on the treatment modality, which 

would influence patient’s survival outcome. The Liverpool Lung Project also found that the 

severity of comorbidity (based on the Charlson comorbidity index) was associated with higher LC 

specific mortality (Marcus et al., 2015). 

2.5.3.2 COPD and LC 

COPD is characterised by irreversible airflow obstruction in the lungs and symptoms related to 

decreased expiratory volume. Breathlessness, cough, sputum, and wheeze are common 

symptoms for both COPD and LC. Such symptoms are more likely due to chronic respiratory 

diseases than LC in the community setting. Spirometry is essential to confirm the diagnosis of 

COPD, using the Global initiative for chronic Obstructive Lung Disease (GOLD) criteria to 

determine the grade of clinical severity (Ytterstad et al., 2016). Chronic bronchitis and 

emphysema are two phenotypes of COPD. Chest CT can be used to diagnose emphysema and the 

existence of LC (Mets et al., 2011). COPD in advanced stages tends to be treated as chronic rather 

than terminal conditions. When a patient is diagnosed with a localised LC, other comorbidities, 

like COPD, is often considered less important (Jeppesen et al., 2016).  

Some researchers argued that COPD and LC might be different stages or manifestations of the 

same disease, shared with common aetiology and mechanisms, such as ageing in the lungs, 

smoking, and genetic predispositions (Durham and Adcock, 2015). The normal decline in lung 

function in ageing is accelerated in patients with COPD leading to premature loss of lung function. 

Inflammatory diseases can predispose to cancer. Almost all cancerous tissues show inflammation. 

It is possible that local pulmonary and systemic chronic inflammation in COPD is a potent driver 

for LC development, as chronic inflammation causes repeated tissue damage, stimulating cell 

division to restore homeostasis. Inhaled corticosteroids are anti-inflammatory drugs for COPD 

treatment. It also decreases the risk of LC in a dose-response relationship (Huang et al., 2015). 

Linkage studies have implicated regions in chromosome 6 linked to both diseases. Genome-wide 

association study (GWAS) in large COPD and LC cohorts have found the same risk loci (specific 

physical locations of a gene or DNA sequence on a chromosome)(Durham and Adcock, 2015).  

A systematic review reported that the prevalence of COPD in patients with LC ranged from 28%-

40% and emphysema ranged 47-76%, in studies specifically designed to investigate the 

relationship between COPD and LC. COPD is an independent risk factor for LC. Patients with COPD 

have approximately 4-6 times of risk to develop LC, particularly for squamous cell carcinoma 

(Raviv et al., 2011), compared with smokers with normal lung function. The risk increases with the 

decline of FEV1 (Forced Expiratory Volume in 1 second, a proxy of airway obstruction), 
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independent of age and smoking history (Mouronte-Roibas et al., 2016). An English study found 

that a recent diagnosis of COPD (within six months) was strongly associated with a subsequent 

diagnosis of LC. However, the odds of getting an LC diagnosis dropped rapidly after six months of 

COPD diagnosis, and remained relatively stable for 5-10 years after the diagnosis of COPD (Powell 

et al., 2013). Ascertainment bias might overestimate the magnitude of the association, as 

patients with suspected LC symptoms were likely to undergo more clinical assessment and 

intensive investigations than those without LC symptoms. This may lead to a diagnosis of COPD a 

few weeks or months before the diagnosis of LC. In addition, patients with COPD were more likely 

to have more contact with health professionals and monitored more regularly, thus more likely to 

have a subsequent LC diagnosis (Guldbrandt et al., 2017). Therefore, studying primary care 

sequences of the pre-diagnostic activities (like lung function tests, prescriptions of antibiotics 

and/or COPD medications), we can know how GP manages these patients in primary care, which 

may further elucidate the relationship between patients’ comorbidity status (especially COPD), 

primary care sequences, and stage at diagnosis.  

Patients staged in T1-2N0M0 of NSCLC may be eligible for surgery to remove the tumour (Jeppesen 

et al., 2016). The existence of COPD can worsen the outcomes of the 5-year overall survival and 

progression-free survival for patients diagnosed with NSCLC in early stages (IA-IIB) and treated 

with surgical resection, particularly in men and squamous cell carcinoma (Zhai et al., 2014). In 

addition, older patients with severe COPD are unlikely to tolerate pneumonectomy for LC, as they 

may not have good cardiopulmonary functions and enough ventilation reserve (Sarfati et al., 

2016). Given the relationship between smoking and respiratory complications in the 

postoperative period, smoking cessation before surgery has been proposed to minimise the risks 

of postoperative complications of LC surgery (Raviv et al., 2011).  

Smoking cessation is a crucial intervention available in primary care to manage patients with 

COPD and prevent disease progression, irrespective of the disease stage of COPD. Socioeconomic 

deprivation is a key factor in the prevalence of smoking, COPD and its severity. The prevalence of 

COPD is twice among people living in socioeconomically deprived areas, but the smoking 

cessation rate is much lower than those living in less deprived areas (Simpson et al., 2010). 

Besides smoking cessation, self-management programmes and vaccination against influenza have 

been proven cost-effective and can improve patients' quality of life with COPD. Inhaled 

bronchodilators and corticosteroids can improve respiratory symptoms and reduce the risk of 

COPD exacerbation (Broekhuizen et al., 2012). These are the GP actions for mediating the adverse 

effect of smoking, managing COPD and LC prevention, and are common events in the primary care 

pathways for this patient group. This part was included and investigated in the main study.  
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2.5.4 GP’s perspectives on early diagnosis of LC 

Not all patients presented with respiratory alarm symptoms lead to a referral for further 

examination, prescriptions, or malignant diagnoses (Sele et al., 2016). A vignette study found that 

GPs did not investigate everyone with the same symptoms equally, nor more likely to initiate 

cancer investigations for patients with higher risk symptoms. The decisions to investigate LC were 

more influenced by whether GPs sought out relevant clinical information about the presence of 

symptoms. Even when GPs elicited sufficient information about symptoms, there remained 

inequalities in the decisions of LC investigation in patients’ age and ethnicity. Older patients and 

black ethnicity were less likely to be investigated than younger and white patients in an English 

study (Sheringham et al., 2017).  

Qualitative studies were conducted to gain GPs’ perspectives and insights in early detection and 

LC diagnosis from primary care. GPs mentioned that the burden of early cancer detection in 

general practice was intensified by a perceived fragmentation of services and care within the NHS, 

due to the increased number of part-time and salaried GPs, and locum cover, which made it more 

difficult for patients to see the same doctor (less continuity of care) (Green et al., 2015). It is 

difficult to elicit the symptoms from patients. Some patients do not recognise symptoms, or 

perceive symptoms as normal, or do not report symptoms in consultations, whilst some may 

“change the stories” of symptoms between consultations. All these situations make it difficult for 

the GP to judge the severity of symptoms that the patient experience. GPs perceived the three 

most relevant symptoms for diagnosing possible LC: significant recent weight loss, persistent 

cough for longer than six weeks, and haemoptysis. However, patients who rarely attended the 

practice, but suddenly presented with symptoms, would trigger GP’s concern (Wagland et al., 

2017). Patients who presented with vague symptoms and turned out to be cancer eventually, 

were more likely to receive a late diagnosis because their symptoms did not meet the NICE urgent 

referral criteria. In such cases, the referral criteria became a barrier for early diagnosis (Green et 

al., 2015). In the absence of red flag symptoms, GP’s hunch/gut instinct developed through clinical 

experience, played an important role in their ability to identify patients who should be referred 

for further investigation of LC (Green et al., 2015, Wagland et al., 2017). GP practicing in more 

affluent areas recognised an increased number of consultations after the public health initiatives, 

whereas those working in more deprived areas perceived that many of their patients were less 

affected by the initiatives (Green et al., 2015).  

There are some possible solutions to address these issues. GP can allocate additional consultation 

time for infrequent attendees presented with symptoms and patients with multimorbidities. 

Safety netting is a diagnostic strategy used in the UK primary care to ensure patients are 
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monitored until their symptoms or signs are explained, regarded as the best practice to protect 

against inaccurate working diagnoses (Evans et al., 2018). GP should communicate with the 

patient the uncertainty of any diagnosis, and discuss with patients what to do and when to seek 

further help if symptoms come back after a negative investigation (Round et al., 2013, Rubin et 

al., 2015). GP may feel more responsible to ensure patient’s complaints are followed up, if 

familiar with the patient and his/her health problems (Ridd et al., 2015). 

2.5.5 Patients’ help-seeking behaviours and influencing factors 

Patients’ help-seeking behaviours are of research interest, as it is usually patient initiates the visit 

to general practice in the UK. Seeking help for symptoms is a complex cognitive, psychological, 

and behavioural process, involving perception, interpretation, and appraisal of symptoms, 

decision-making, and the motivation to transform the decision into action by visiting a healthcare 

professional (HCP) (Scott and Walter, 2010). Symptoms could be a subjective interpretation of 

bodily changes, not necessarily indications of an underlying disease (Elnegaard et al., 2015). Not 

every detected or experienced symptom is interpreted as an illness by patients. Even interpreted 

as illness, it does not mean the patient believes it warrants medical attention. There is a gap 

between the intention and the actual behaviour of visiting an HCP. Help-seeking behaviour not 

only concerns the decision of whether to seek help or not, but also the timing of making the 

decision and transforming that decision into action. 

Campbell and Roland (1996) conducted a literature review to understand patients’ pathways to 

care and the factors associated with low and high consultation rates. They found a wide range of 

sociodemographic, psychological, and health systems factors that could influence patients’ help-

seeking behaviours, specifically broken down as, demographic (age, sex, ethnicity, education), 

socioeconomic (social class, employment status, income, housing tenure, distance from house to 

a health facility), family and social network (marital status, social support), cognitive and 

psychological factors (medical knowledge, perceived susceptibility and severity of 

symptom/illness, benefits and costs of seeking medical care, the effectiveness of self-care, 

stressful life events), healthcare provider and system attributes (accessibility, universal health 

system or otherwise, coverage by health insurance, affordability of medical bills, availability of 

appointments, queueing and waiting time, trust of health providers, communication between 

patient and HCP). At least 70 different factors have been shown to play a role in help-seeking 

behaviour (Scott and Walter, 2010), which would be impossible to study all these factors and 

quantify the influence of each factor in a single study. In this PhD study, some important 

sociodemographic variables are available from the NAEDI dataset that could be used to 

investigate their association with patients’ help-seeking behaviours.  
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Besides doing nothing at all, there are two main ways for patients to manage emerging 

symptoms. One is seeking information and leading to self-management, including looking for 

information about the experienced symptoms, discussing with friends and family, and taking the 

over-the-counter (OTC) medications. The concept of ‘symptom iceberg’ describes the situation 

that people manage most symptoms in the community without seeking professional care (Last, 

1963, Hannay, 1980). Another approach is seeking professional advice via different channels, e.g. 

phone NHS 1111 (a 24/7 telephone line and online service in the UK) for health advice, consulting 

with a GP or a nurse in general practice, a local pharmacist, or a complementary therapist (could 

be private)(Elliott et al., 2011). Researchers can only study the proportion of symptoms presented 

in the care settings, often documented in the EHR databases nowadays. This is the visible part of 

the iceberg based on the ‘symptom iceberg’ theory. It is not possible to know the bigger 

proportion of the ‘submerged’ iceberg, i.e. patients manage the symptoms by themselves, 

without consulting an HCP. 

Patients considered episodic, non-specific, non-progressive LC symptoms as part of ‘everyday 

fluctuations’ of body functioning (Corner et al., 2006), or normalised as the ageing process or 

lifestyle (Brindle et al., 2012). It was more difficult for patients who had comorbidities to become 

aware of a new and different illness. Patients may only seek help when the symptoms were 

escalated and affected their daily life, or they fail to resolve the symptoms by themselves and 

could not tolerate any more (Corner et al., 2006, Elliott et al., 2011, Whitaker et al., 2016). 

Recognition of warning signs is associated with faster help-seeking for potential cancer symptoms 

(Quaife et al., 2014). Long-term heavy male smokers, older people with more comorbidities, those 

from lower SES backgrounds and living alone, often have lower expectations of good health, lower 

health literacy and knowledge of cancer symptoms. Thus, it often takes them longer to consult 

potential LC symptoms. Even realising something is wrong in their bodies, they may choose to 

avoid help-seeking if they fear the adverse outcome of consultations (that they have a serious 

underlying disease)(Whitaker et al., 2015). Approaches to promote early presentation should aim 

to increase the awareness of important cancer symptoms (Forbes et al., 2014), and social 

campaigns should be more targeted at the population with the aforementioned 

sociodemographic characteristics. Family members (especially partner), friends, and other social 

networks may notice patient’s symptoms and have an influence on the sanctioning of symptom 

seriousness and help-seeking, directly or indirectly forcing the individual to consult with HCPs who 

may otherwise be reluctant (Smith et al., 2005, Smith et al., 2009, Chatwin and Sanders, 2013). 

                                                           

1 As ‘NHS 24/NHS Direct’ published in the article (2011). NHS 24 is a similar service as NHS 111 in Scotland, 
while NHS Direct was established in March 1998, discontinued on 31 March 2014, and replaced by NHS 111.  
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Patients with haemoptysis, breathlessness, cough, loss of appetite, having a history of chest 

infection and renal failure, or previous diagnoses that required hospital treatments were more 

alert to symptoms and more likely to seek help quickly (Smith et al., 2009, Hannaford et al., 2020). 

Quaife et al. (2014) reported that people with higher education (degree or above) had a greater 

delay (>2 weeks) in help-seeking for persistent cough, because they were too busy. 

Perceived blame, lecturing, or reprimand prevents patients with potential LC symptoms from 

seeing their GPs promptly (Corner et al., 2006, Walton et al., 2013). Smokers might feel ashamed 

or fear being stigmatised, judged, or ignored (Chapple et al., 2004), and choose not to contact GP. 

Due to the smoking habits and/or perceived SES, some patients feel unworthy of health care. For 

the most socioeconomically deprived patients in the UK, they need to overcome difficult life 

circumstances and the challenges of living with no or minimal income. They may need to work for 

long hours, have family issues, care responsibilities, or other burdens. When competing with 

other life demands, patients may put health in a lower priority (Dixon-Woods et al., 2006, Smits et 

al., 2018).  

The worry of wasting doctors' time is common among British patients (Rubin et al., 2015). Thus, 

patients may not fully use the consultation time to communicate the symptoms they experience 

with their GPs. Therefore, some missed opportunities for earlier diagnosis may be due to 

insufficient symptom elicitation and ineffective doctor-patient communication. Patient 

engagement campaigns could boost patients’ confidence to fully communicate their health 

problems with their GPs and not feel guilty of wasting doctors' time. Using plain language (like 

aches, out of breath) is more likely to elicit symptoms than disease terminology (e.g. 

breathlessness, or even, dyspnoea)(Brindle et al., 2012). Providing translation services for ethnic 

minority patients who are not competent in using English in consultation would enhance GP-

patient communication (Lyratzopoulos et al., 2015). 

In summary, patient mediated factors that may influence the delayed presentation and prolonged 

help-seeking in LC include not recognising the seriousness of symptoms or signs (cognitive), fear 

of receiving a cancer diagnosis (emotional), and reluctance to interact with the health system 

(psychological and behavioural). Symptom characteristics (severity, duration, and interference 

with daily life) that have a negative impact on daily life are protective factors for decreasing delay. 

How patient characteristics (age, sex, SES, education level, marital status, comorbidities) would 

help explain the different patterns of primary care sequences/pathways was investigated in the 

empirical analysis of this PhD study, reported in Chapter 7. 
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2.5.6 Patient’s SES and LC 

2.5.6.1 The rationale on how patients’ SES could influence cancer diagnosis, treatment, 

and survival 

Socioeconomic status (SES), or socioeconomic position (SEP), is a latent construct related to the 

social and economic factors that influence the positions an individual holds within a society, which 

may vary in different stages across one’s life (Galobardes et al., 2006a). SES is relevant in the 

context of cancer because it is associated with and influences various aspects of cancer. Health  

behaviours, such as smoking, alcohol drinking, physical exercise, and diet, are socially patterned 

(Singh-Manoux and Marmot, 2005). SES may interact with comorbidity that could influence 

cancer development. Patients in lower SES usually have a lower level of health literacy and 

symptom awareness, less able to navigate the health system, which could influence their help-

seeking behaviours and health services utilisation. Patient-GP communication and symptom 

elicitation may indirectly influence GP’s responses to patients’ presentation, which may have an 

impact on delayed referral and diagnosis. Comorbidity burden, performance status, and stage at 

diagnosis would influence treatment modalities, also associated with survival outcome. 

Socioeconomic inequality in cancer survival and prognosis has been observed and well-

documented (more in subsection 2.5.6.5). Patients in lower SES have a higher percentage of 

premature death from cancer than those in higher SES.  Each step of the cancer care pathway is 

closely linked, and often unfavourable to patients in lower SES. Therefore, the national campaigns 

should target and engage people from disadvantaged socioeconomic backgrounds, increase their 

awareness of cancer symptoms, and encourage them to seek help more promptly. Socioeconomic 

equality is important in the UK because the NHS is a universal health system. It should be 

accessible and equal to anyone who needs it, irrespective of one’s SES. Furthermore, 

socioeconomic equality is not only a concept in health services, but also an important social 

construct.  

SES is generally measured by a composite index of proxy indicators, such as education, 

occupation, employment status, income, family wealth, residential value. Education level 

substantially influences other socioeconomic measures (occupation, employment status, income, 

and wealth). Income directly measures the component of material rewards, and strongly 

influences one’s purchasing power in housing and health expenditure. Housing is a key 

component of material recourses in most people’s wealth. Housing tenure, location, conditions, 

and household amenities are extensively used as measures of SES, which are comparatively easy 

to collect for research. Neighbourhood location and quality (e.g. access to facilities for physical 
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exercises and healthcare providers within the proximity of neighbourhood) also influences one’s 

health behaviours and outcomes (Galobardes et al., 2006a, Galobardes et al., 2006b). 

2.5.6.2 How SES is operationalised in English health research 

Individual socioeconomic indicators are usually unavailable in health databases. Area level 

indicator (ecological) is often used as a proxy of patients’ SES. The Index of Multiple Deprivation 

(IMD) is the official measure of relative deprivation in England, updated periodically, based on the 

postcodes of residence within small administrative geographical areas (Lower Super Output Area, 

LSOA). The whole England was divided into 32,482 LSOAs in IMD (2015), with an average of 

approximately 1,500 residents or 650 households per LSOA. The IMD is a composite measure 

using census and administrative data to calculate the score from 7 domains with different 

weights, including income deprivation (22.5%), employment deprivation (22.5%), education, skills 

and training deprivation (13.5%), health deprivation and disability (13.5%), crime (9.3%), barriers 

to housing and services (9.3%), and living environment deprivation (9.3%). The small areas are 

ranked in a continuum from the most deprived to the least deprived by scores, and then mapped 

into the corresponding geographical areas to facilitate public resource allocation (Department for 

Communities and Local Government, 2015). Area level measure holds the assumption that small 

areas are comparatively socioeconomically homogeneous. However, even for people living in the 

same area, their SES may be different. It may misclassify individual SES at area level. The larger 

the area is, the greater chance of misclassification tends to be. In research, the IMD is 

operationalised as an ordinal variable, equally divided in quintiles by the rank of LSOAs. Some 

English studies used Townsend or Carstairs index before 2010. Only a few studies used 

professions by the Registrar General's classification to reflect social class (Hart et al., 2001, Neal 

and Allgar, 2005). Patients’ education level, employment status, and IMD (rank and further 

categorised as quintiles) were collected in the NAEDI study and used in this thesis.  

2.5.6.3 SES and LC diagnosis and intervals 

Patient’s SES was thought to be an important factor in the differences of the stage at diagnosis 

and diagnostic interval of LC. However, according to a systematic review and meta-analysis, there 

was no evidence of socioeconomic inequalities in late-stage at diagnosis, compared the most with 

the least deprived group (OR=1.04, 95%CI 0.92-1.19)(Forrest et al., 2017). No evidence of 

socioeconomic inequalities in the patient interval (from symptom recognition to presentation) 

was found, nor the treatment interval (from diagnosis to treatment). The ‘sicker quicker’ effect 

(subsection 2.3.4) may cancel out socioeconomic related delays, which might otherwise result in 

longer intervals among more deprived patients. There was no consistent pattern of referral and 

diagnostic intervals (still inconclusive).  
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The findings from Forrest et al. (2017) may not be directly applicable to the UK because of the 

following methodological concerns. Firstly, although half of the studies (20 out of 39) included in 

the systematic review were from the UK, there were still substantial studies from countries with a 

non-universal health system (like the US). Considerable heterogeneity existed (I2=60%) when 

pooling the results from universal (5 studies) and non-universal health systems (2 studies) in the 

meta-analysis. I² statistic describes the percentage of variation across studies due to 

heterogeneity rather than chance (Higgins and Thompson, 2002). Secondly, many studies included 

in the review were not high quality, and may suffer from recall bias and ascertainment bias in 

observational studies, and potential publication bias. Thirdly, very few included studies had good 

quality data to examine intervals of the LC diagnostic pathway, which made it difficult to compare 

the results across studies. The authors of the original studies only investigated some intervals of 

the whole trajectories (fragmented information). It would be more informative to investigate the 

whole disease trajectory, which is what I propose to do in this PhD study. Fourthly, the lack of 

complete cancer staging data is the biggest methodological concern. Fifthly, only about 20% of 

patients were diagnosed at an early stage in the UK. The meta-analysis may be underpowered to 

detect the differences between early and late stages by SES. Finally, there was no study examining 

primary care interval (from first symptomatic presentation to first specialist referral), which is a 

research gap, partly because LC symptoms are non-specific, and thus, it is difficult to determine 

“the first symptom”.  

2.5.6.4 SES and LC treatment 

Socioeconomic deprivation was significantly associated with diagnosis following an emergency 

hospital admission and a lower surgical rate for LC (Raine et al., 2010). It was consistently 

reported that the most deprived patients (the bottom quintile of IMD) were less likely to receive 

LC surgery in the English population, although the inequality narrowed over time (McMahon et 

al., 2011, Berglund et al., 2012, Forrest et al., 2013, Forrest et al., 2014a, Forrest et al., 2014b, Nur 

et al., 2015b). Compared with LC surgery, the evidence of the receipt of chemotherapy or 

radiotherapy among patients in different SES was less consistent across studies.  

Patients in the lowest SES were associated with a reduced likelihood of receiving any kind of 

treatment for LC (OR=0.79, 95% CI 0.73-0.86, P<0.001), surgery (31 papers included, OR=0.68, 

0.63-0.75, P<0.001), and chemotherapy (23 papers included, OR=0.82, 0.72-0.93, P=0.003), but 

not radiotherapy (18 papers included, OR= 0.99, 0.86-1.14, P=0.89), reported in a systematic 

review and meta-analysis (Forrest et al., 2013). These inequalities could not be explained by the 

differences in cancer stage, or health system (universal or not), controlling for comorbidity. 

Inequalities in receipt of treatment may contribute to inequalities in cancer survival. 
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2.5.6.5 SES and LC survival 

The relationship between SES and survival outcomes is complicated, very often mediated by other 

factors. Socioeconomic inequalities in LC survival were continuously observed. The most recent 

study reported that the deprivation gap of 1-year net survival in LC between patients in the most 

and the least deprived quintile in males did not narrow from 1996 to 2013 in England (remained 

the same level, -4%), but notably widened in female, from -3.7% in 1996 to -4.8% in 2013 

(widened 1.1 percentage points), although the overall 1-year net survival was gradually improving 

(Exarchakou et al., 2018). Females had a larger observed improvement in the adjusted 1-year 

survival, from 27.2% in 1996 to 45.8% in 2013; and from 25.9% to 38.6% in males. The improved 

LC survival could be due to a higher number of specialised surgeons available to perform LC 

surgery, which increased the proportion of patients receiving surgery (17% in 2015). In addition, 

more patients were managed in specialised centres, which reduced postoperative mortality.  

The deprivation gap in the 1-year survival was even worse among younger patients (over 10% in 

patients aged 15-44 years) in both sexes (Nur et al., 2015a). Socioeconomic inequalities in LC 

survival could be statistically explained by the receipt of treatment, but not by the timeliness of 

referral (two-week wait target) or treatment (31 days from diagnosis target)(Forrest et al., 2015). 

The number of comorbidities and performance status varied among patients in different SES, 

which might explain the inequalities in receipt of treatment and survival. 

Loss in life expectancy due to cancer is another way to measure cancer burden and the negative 

impact of cancer on the rest of life in a person, which is defined as the difference of life 

expectancy between the general population free of cancer and the patients diagnosed with 

cancer (Syriopoulou et al., 2017). Compared with other cancers, LC had the largest overall loss in 

absolute life years and the proportion of expected life remaining. Over 30,000 total life years 

were lost among patients diagnosed with LC in England in 2013. Male LC patients in the least and 

most deprived quintile lost 12.8 and 11.8 years on average, respectively, equivalent to 87.5% and 

88.1% of their average remaining expected life years; and female LC patients lost 14.4 (86.1%) and 

13.8 (88.2%) years respectively. Generally, patients in the least deprived group were expected to 

have a higher life expectancy than those in the most deprived group, which meant the least 

deprived patients had more life-years to lose due to cancer (Syriopoulou et al., 2017). This study 

provided a new perspective to measure the cancer burden by the loss of life expectancy. 

However, it was unclear how the cancer stage and other important variables would impact on the 

loss of life expectancy.  

In summary, the associations between SES and diagnosis (intervals and stage), treatment and 

survival of LC have been widely explored in the UK. Some associations are more consistent than 
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others. The complexity of socioeconomic inequalities in LC diagnosis and survival justifies 

further health services research to understand how patients in different socioeconomic groups 

utilise primary care services for their symptoms and comorbidities, and the relationship to the 

‘route to diagnosis’, the lengths of primary care and diagnostic intervals. The empirical part of 

this PhD study explored the differences in patients’ help-seeking behaviours and the patterns of 

primary care sequences among patients in different socioeconomic groups. 

2.5.7 Missed opportunities for early LC diagnosis and the lessons learnt from audit 

Missed opportunities refer to the cases that alternative medical decisions or actions could have 

been made for more timely diagnosis. They may occur in any part of the diagnostic pathway and 

may involve patients, physicians and the care team, and health system factors. However, not all 

delayed diagnoses are missed opportunities (Lyratzopoulos et al., 2015). 

Significant event analysis and performance review through audit are useful methods for quality 

improvement to enhance patient safety and care in British primary care (Rubin et al., 2015). 

Analysis of 132 significant events in LC diagnosis from 92 general practices in the North of England 

Cancer Network was conducted to gain insights of the LC diagnostic process (Mitchell et al., 2013). 

The lessons from these significant events included GPs need to be vigilant of patients with atypical 

symptoms and comorbidities, the limitations of CXR as a diagnostic tool for complicated 

situations, the importance of safety netting, and patient education about smoking cessation and 

cancer symptoms. Mitchell et al. (2013) summarised what a fairly typical pattern of presentation 

and referral pathway of LC diagnosis would look like: presentation of chest-related symptom –> 

initial treatment –> GP review if no improvement –> CXR and report –> referral. A reasonable 

interval for the whole process would be one month. However, diagnostic pathways in real life 

rarely follow this pattern.  

2.5.8 An empirical study investigating LC diagnostic pathways from primary care 

There is only one study looking at the current LC diagnostic pathway. Case reports of 118 patients 

with LC diagnosis from 96 Welsh general practices (one or two cases per practice) were collected 

by incentivised GP using a standard template (Neal et al., 2015a). Ninety-six patients (81.4%) 

presented with respiratory symptoms; 79 patients (66.9%) had GP-initiated CXR before diagnosis; 

23 CXRs did not initially show suspicion of LC (false negative of CXR); 25 patients (21.2%) were 

diagnosed after a GP-initiated acute admission; 14 patients (11.8%) with CXR reported as normal 

were subsequently diagnosed with LC (misleading CXR). Half of the patients had three or more 
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consultations before referral or investigation. The authors manually categorised 11 mutually 

exclusive diagnostic pathways for LC. The three most frequent pathways were: 

1. Symptoms –> (patient visited) GP –> CXR –> referral (n=72, 61.0%); 

2. Symptoms –> GP –> admission (n=22, 18.6%); 

3. Symptoms –> GP –> no CXR –> referral (n=7, 5.9%); 

This study provided some useful information about primary care activities related to LC diagnosis, 

and the authors concluded that the pathways to LC diagnosis were often not straightforward 

and rarely linear. Small sample size and selection bias were the two major limitations of this 

study. Cases in this study were less likely to be representative, as the researchers asked GPs to 

report 1-2 recent cases of diagnosis per practice. In addition, the pathways were more like a 

snapshot, selecting key events, rather than presenting a holistic perspective of the whole 

diagnostic pathway from primary care. The complexity of LC warrants more research in the 

primary care pathways/sequences. 

2.5.9 Section summary and the rationale of this PhD: why studying primary care 

sequences/pathways for LC is needed in England at this moment 

This section provides a comprehensive overview of the current situation of LC diagnosis in 

England, and established the opportunity for early diagnosis from primary care, in the context of a 

universal health system in the UK (great coverage of the population, GP as a gatekeeper, the 

intensity of primary care contacts, and the setting where most symptoms are first assessed and 

managed). Due to the lack of an effective screening programme for LC in England, LC diagnosis is 

still based on symptomatic presentation in primary care. However, because of the non-specific 

symptoms for LC, it is difficult for patients and GP to recognise LC at the early stages. Patient and 

GP mediated factors for delayed LC diagnosis and how to avoid missed opportunities are 

summarised from the literature. Current research in this field mainly focuses on investigating the 

length of different intervals in the diagnostic pathway, route to diagnosis, and risk factors 

associated with delayed LC diagnosis and poor survival. Their respective limitations are discussed 

in the previous subsections. Primary care process (patient’s help-seeking patterns, the recorded 

reason of patient’s attendance to the general practice, and how GP responded to patient’s visits 

over time) is less investigated, probably due to the complexity of interdependent patient-GP 

events in the primary care pathways related to LC and the lack of proper statistical methods to 

cope with such complexity. It offers an opportunity for this PhD study to explore a statistical 

method (sequence analysis) to address this research gap. 
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Considering the disease development of LC is insidious and most patients diagnosed with LC are 

smokers or ex-smokers, it is crucial to understand the patterns of primary care pathways among a 

high-risk population without a diagnosis of LC, as this is the target population for early diagnosis, 

also a population less investigated. Most of the published studies used patients diagnosed with LC 

as the study population. For those studying high-risk patients, the focus was on how to effectively 

select eligible patients at high risk for LC screening using LDCT. The primary care pathways in the 

population of the NAEDI study are representative of the situation in daily general practice (more 

discussion in subsection 5.4.2). Smoking, patients’ sociodemographic variables (e.g. age, SES), 

comorbidities, COPD and LC, are correlated. When studying the primary care pathways, they are 

all indispensable components. Given the current evidence on the association of age and SES with 

the route to diagnosis, it is sensible to investigate the association between patients’ 

sociodemographic characteristics and primary care sequences in this study. The findings of this 

PhD study can provide new knowledge on the patterns of patients’ help-seeking behaviours and 

how GPs manage patients at high risks over time, and may provide some clues on early 

intervention and diagnosis in this population. Identifying typical primary care pathways and the 

variables significantly associated with the pathways might enable us to further explore the 

opportunities for earlier cancer diagnosis. 

2.6 Chapter summary 

In this chapter, I argue the importance of studying primary care sequences (involving 

interdependent patient-GP events over time) in early diagnosis research. Through literature 

review, studying primary care sequences is a new research direction, different from studying risk 

factors, diagnostic intervals, and route to diagnosis, which is the originality of this PhD study. A 

novel statistical method, sequence analysis (SA), is proposed to study primary care sequences 

among a group of community patients at high risk of developing LC, who are also the target 

population for early diagnosis. The key research question (RQ) is how SA can be used to study 

complex primary care sequences, to enhance our understanding of the longitudinal primary care 

process to improve earlier cancer diagnosis. The attempt of using SA to identify cluster patterns 

of primary care sequences would be an opportunity for this study to generate new knowledge 

and to make an original contribution to the field of early diagnosis research. The next chapter 

provides an overview of SA and discusses relevant methodological issues about how SA can be 

contextualised in health research and applied in this study. Methodological RQs are summarised 

at the end of the next chapter.  
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Chapter 3 Sequence analysis (SA) 

The literature review chapter identified a potential opportunity for SA to investigate primary care 

pathways. This chapter introduces this method, provides an overview of the background, 

development, rationale, and technicalities of SA, followed by a discussion of its strengths, 

limitations, controversies, and finally explains how SA can be contextualised and used to explore 

primary care sequences involving interdependent patient and GP events in this study. 

3.1 An overview and the basic concepts of SA 

3.1.1 The evolution and application of SA in different disciplines 

SA was initially designed to analyse DNA, RNA, and peptide sequences in Bioinformatics 

(Needleman and Wunsch, 1970). In the 1980s, Andrew Abbott made adaptations of SA and 

introduced it in social sciences to study life course trajectories (Abbott, 1983, Abbott and Forrest, 

1986, Abbott and Hrycak, 1990). Through the advocacy of Abbott and colleagues over the years 

(Abbott, 1990, Abbott, 1992, Abbott and Tsay, 2000), SA becomes increasingly popular in 

sociology and demography to understand important transitions in an individual’s life course 

trajectory, from education in adolescence, to employment, marriage, forming family, raising 

children, and housing tenure in adulthood. SA is often used to classify individual sequences into 

distinct groups of trajectories. The application of SA in social sciences has expanded to political 

sciences (Blanchard, 2011) and survey methodology (Durrant et al., 2018) in recent years. 

Compared with its application in social sciences, SA in health research is still in its infancy. Based 

on the recent publications, this method appears promising and worth further exploration in 

health research. Therefore, to inform the analysis plan of this PhD study, a systematic scoping 

review on how SA has been used to study disease trajectories, care pathways, and health services 

research was conducted and is reported in the next chapter. 

3.1.2 Basic concepts of SA 

SA is data-driven and exploratory in nature and provides descriptive and graphic results. It takes 

the whole sequence from all subjects in the analysis. It does not require any modelling or 

assumptions of the distribution. Sequence is sometimes used interchangeably with other terms, 

like trajectory or pathway, to describe the longitudinal process, representing the stability or 

change of categorical states over time, e.g. sequences of the health status of older people, or 

pathways to disease diagnosis. There are two types of SA, i.e. state SA and event SA (further 
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explained in subsection 3.2.6). If without specification, SA is usually referred to as state SA in 

literature, same as in this thesis.  

Sequence has an intrinsically time-ordered structure. Longitudinal processes, coded as mutually 

exclusive states in successive time periods along a timeline, constitute a sequence. Therefore, 

patients’ visits to general practice over time could be reconstructed as sequences. How to 

construct sequences from discrete health events is the first methodological issue that needs to 

be addressed in this study. The position in a sequence could be a relative, rather than an absolute 

time point. For example, subjects may be born in different calendar years. We can still take age as 

a relative time point, investigating their life course trajectories from 18-40 years old. Alternatively, 

we can recruit a cohort of 18 years old, and use calendar years as a timeline, e.g. from 1998 to 

2020, to delineate individual trajectory.  

A state refers to a period of relative structural or functional stability, which is a combination of 

two elements, event and timing. An example is a subject in a “healthy” state in one observed 

period, such as hour, day, week, month, year. A transition means a change between two states, 

e.g. a subject transits from “healthy” status to “ill” or “hospitalised”. A simple sequence, or say a 

stable sequence, has fewer transitions, like a subject in “healthy” status for the whole observation 

period; while a complex sequence has more transitions and perhaps involves many different 

states. For example, a patient had multiple chronic diseases and visited physicians frequently, 

hospitalised and discharged multiple times. An alphabet is a pool of all the states, e.g. “healthy”, 

“ill”, “hospitalised”, “terminal”, “deceased”, and “missing”. Usually, different states are assigned 

different colours for the purpose of presentation in figures, to facilitate visualisation and 

interpretation of the result. Figure 3.1 illustrates the key concepts in this paragraph. Other 

features and technicalities of SA relevant to this PhD study are introduced and discussed in the 

following sections, while the contents of SA irrelevant to the study are not included in this 

thesis. 

 

Figure 3.1 – An illustration of basic concepts (sequence, states, and alphabet) of SA 
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3.1.3 An overview of the analytical process of SA and relevant terminology 

SA involves sorting, comparing, and grouping sequences by calculating distances based on the 

similarities between sequences by algorithms. A typical SA includes the following five steps. The 

first step is to specify states in an alphabet, construct and align sequences (a timeline may be 

helpful in some situations), as shown in Figure 3.1. 

The second step is to define the costs for operations between states (more in subsection 3.2.4). 

The similarity of the two sequences is quantified as “distance”. The distance between two 

sequences is measured by the number of edits (edit distance), mainly insertions, deletions (called 

indel together), and substitutions, to change one sequence identically to another. Costs are 

numeric values for the three operations. For example, the cost for insertion and deletion could be 

set as 1, and substitution as 2. Distance is the total cost of a series of operations between any two 

sequences. The only difference between sequences 1 and 2 in Figure 3.1 is the state in Month 8, 

i.e. “healthy” in green in sequence 1 but “ill” in yellow in sequence 2. To make these two 

sequences identical, we can delete the different states first (yellow in sequence 2, cost 1) and 

then insert the same one (green, cost 1), or use substitution directly (substitute yellow to green, 

cost 2). The total cost for either approach is 2. Therefore, the distance between sequences 1 and 

2 is 2. We can use the same process to calculate the distances between sequences 1 and 3, 1 and 

4, …, 5 and 6, called pairwise distances. 

The third step is using an algorithm to calculate pairwise distances. It is labour intensive to 

calculate pairwise distances manually. We can use algorithms to do that for us, which would yield 

a symmetric matrix 
𝑛×(𝑛−1)

2
, where n is the number of sequences. There are six sequences in 

Figure 3.1, and we can get a matrix of 15 pairwise distances (
6×5

2
). Optimal Matching (OM) 

(Abbott and Forrest, 1986, Abbott and Tsay, 2000) is the most commonly used algorithm to 

calculate the distances, but it is possible to use other algorithms as well. 

The fourth step is grouping similar sequences in the same cluster. Cluster analysis (Fowlkes and 

Mallows, 1983, Estivill-Castro, 2002), a data reduction technique, is often used to achieve this 

goal. Cluster analysis is a connecting (intermediate) step of the whole analytical process of SA. The 

distances indicate the similarity among sequences. The more similar the two sequences are, the 

shorter the distance is. For example, sequences 1 and 2 in Figure 3.1 are more similar (both 

healthy) than sequences 1 and 6 (one healthy, the other one ill and died). Sequences in the same 

cluster are more similar to each other than those in other clusters (intra-cluster homogeneity and 

inter-cluster heterogeneity). Sequences 1-3 may be grouped in one cluster (healthy patients), 

while sequences 4-6 in another cluster (ill patients), as shown in Figure 3.2. 
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Figure 3.2 – The outcome of SA presented in state distribution plot (a very simple example) 

The fifth step is result visualisation. The pattern of clusters can be presented as figures for 

visualisation and facilitate the interpretation of meanings in each cluster. The result of SA is a 

typology of several clusters, as the examples illustrated in Figure 3.2 and Figure 3.3. Due to its 

descriptive nature, SA cannot establish any form of causality, nor conduct statistical testing. Some 

consider it as a weakness. However, the typology (clusters) could be used as either an 

independent or dependent variable to investigate the association with other variables in 

regression models.  

 

Figure 3.3 – The outcome of SA (a typology of clusters in state distribution plot), from Gabadinho 

et al. (2011a) 

3.2 Measuring (dis)similarity between sequences 

3.2.1 The importance of measuring similarity between sequences 

Measuring the distances between sequences in pairs is a crucial step of SA, which quantifies how 

similar (or different) the two sequences are. Dissimilarity measures usually account for 1) the 

order of states and transitions, 2) the temporality of transitions, and 3) the duration of stay in 
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each state (Gabadinho et al., 2011a). Dissimilarity measures can be generally classified into two 

types: 

1. Dissimilarities based on the counts of common attributes: it includes the Longest Common 

Prefix (LCP), Longest Common Suffix (RLCP), and Longest Common Subsequence (LCS) 

(Gabadinho et al., 2011a). It means that states are in the same order and for the same 

duration. It is relatively strict and does not allow moving any part of a sequence. 

2. Edit distance. For example, without shifting, the evident similarity between x = ABAB and y = 

BABA can be very distant, but they can become quite similar by shifting just one position in y, 

shifting the first “B” to the last. Such algorithm allows sliding states in the sequence from one 

place to another, if it improves matching. The most popular algorithm of this type is Optimal 

Matching (OM). 

3.2.2 The commonly used distance measure – Optimal Matching (OM) 

The use of OM, followed by cluster analysis, has become the predominant approach to analyse 

life course trajectories in social sciences since its initial application in the late 1980s (Abbott and 

Forrest, 1986, Abbott and Tsay, 2000). OM is also known as Levenshtein distance, or edit distance, 

using three operations: insertion, deletion (indel), and substitution of states, illustrated in Figure 

3.4. Each operation is assigned a cost. The distance of the paired sequences is calculated as the 

total cost of edits to transform one sequence identical to another. One common practice is to set 

constant costs. The cost of insertion and deletion is the same (e.g. 1), which could be half of the 

cost of substitution (e.g. 2), as substitution is equivalent to sequential operations of deleting the 

different state and then inserting the same one (illustrated as the second approach of sequences 

4-b and 4-c in Figure 3.4).  

 

Figure 3.4 – An illustration of three basic operations (insertion, deletion, and substitution) in the 

optimal matching (OM) algorithm 

OM is flexible and allows a time-shift penalty (through indel cost). There may be many ways to 

change one sequence identical to another. The reason why this algorithm is named as ‘optimal 

matching’ is that the algorithm is ‘smart’ enough to find the best way to get the shortest distance 
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between two sequences with minimal cost. Therefore, with the same OM algorithm, the more 

operations are required to make the two sequences identical, the more costs they need, the 

larger the distance is, the more dissimilar the two sequences are. Usual distance measures, such 

as the Euclidean distance, are ineffective for sequential data when the lengths of sequences are 

different (Kruskal, 1983). Based on OM, researchers have purposed modified algorithms, for 

example, context-dependent indel costs (OMloc)(Hollister, 2009) and costs weighted by spell 

length (OMslen)(Halpin, 2010).  

3.2.3 The other commonly used dissimilarity measures 

Hamming Distance (HAM) and Dynamic Hamming Distance (DHD)(Lesnard, 2010) are the two 

dissimilarity measures with substitution only, without indel. They can only apply to sequences 

with equal length. The distance between sequences is the sum of the period-by-period difference 

between states. The difference between HAM and DHD is that DHD applies position-wise state-

dependent weights, while HAM only counts the number of mismatches. In simpler words, HAM 

could be understood as substitution cost set as constant (e.g. 1, 2). What ‘dynamic’ in DHD means 

is substitution cost varies in different positions of the sequence (time-varying costs), and the cost 

is dependent on the transition rates among states at each time point.  

Different measures pick up different sequence characteristics. They offer a variety of options to 

analyse sequence similarity from different aspects. Studer and Ritschard (2016) nicely compared 

and summarised different dissimilarity measures in their paper. There is no golden rule to select a 

dissimilarity measure. It is necessary to consider the research questions at hand and refer to 

other relevant published studies in the research field. A study compared some dissimilarity 

measures using real datasets and statistical simulation, and concluded that no one measure was 

dominant or out-performing than others in all situations based on the χ2 statistic. However, OM 

and Hamming Distance (HAM) were ranked in the top tier. DHD was close to HAM, but in a slightly 

lower tier (Halpin, 2012). Since SA is exploratory in nature, it is worth trying different dissimilarity 

measures with the same dataset and comparing the typologies to find the best one that makes 

sense of the data, which is one of the research objectives and the analysis plan of this study. 

3.2.4 Cost setting 

Setting costs for operations (indel and substitution) is one major methodological issue for 

algorithms like OM in SA, especially for the substitution cost. Different cost setting schemes may 

significantly influence the results. Some may argue that cost setting is arbitrary and consider it as 

a limitation (Wu, 2000). Therefore, it needs careful consideration. Gauthier et al. (2009) 
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summarised some possible approaches to set costs and discussed the possible options. The first 

option is setting all the costs as constants, e.g. 1 for indel and 2 for substitution, denoted as 

OM[1,2] hereafter. This option can be used when there is no theoretical basis or background 

information available to support the cost setting. A second approach is based on theory to set 

costs and give weights to the costs. A third choice is applying empirical costs based on common 

sense or face value, considering the problem at hand. The results from prior analyses or published 

studies may be used as a reference. The fourth strategy to set costs is a combination of common 

sense (the third strategy) and the likelihood of transitions between states in empirical data. For 

example, in a study investigating the cohort differences in a career at Lloyds Bank (Stovel et al., 

1996), substitution costs were set proportional to the transition rates (TR) among states, denoted 

as OM[1, TR] hereafter. Transitions between two states that happen more often cost less in 

substitution. Compared with setting costs as constant, this approach is data-driven, more able to 

reflect the differences among states over time. 

The characteristics and differences of the common dissimilarity measure and cost settings are: 

OM[1, TR] and DHD are data-driven approaches for substitution cost (dependent on transition rates 

among states). The difference is that DHD is time-varying (position-wise), while OM[1, TR] is time-

invariant, considering all the time points in all the sequences. OM[1,2] and HAM use constant cost. 

As to the relationship between the indel and substitution cost, when the substitution cost is set as 

more than two times of the indel cost, substitution will not be used, as it costs less to delete the 

unwanted state and insert the desired one than to substitute states. This means that if one set 

substitution cost 2.5 times of the indel cost in OM, the algorithm will always choose indel because 

indel cost less. Conversely, if substitution costs are very low compared to the indel costs, then 

indel is no longer used, as the algorithm always chooses the lowest cost. 

Considering the importance of cost setting, how other studies set costs when using SA in health 

services research were reviewed, summarised, and reported in the next chapter. The findings are 

used to inform the cost setting in this study. In addition, as part of the methodological 

exploration, results from different cost setting schemes in the main study will be compared, to 

find to what extent cost setting influences the results. 

3.2.5 Typical sequences 

SA can identify representative and the most frequent sequences for each cluster. One possible 

way of doing SA is pre-defining several empirical or theoretical ideal types of ‘reference 

sequences’ and then calculating the distances of all the sequences against those ‘reference 

sequences’ (Abbott and Hrycak, 1990). For instance, in a study investigating the trajectories of 
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work, partnerships, and housing, related to the quality of life in early old age (Wiggins et al., 

2007), the typical sequences were constructed by the research group to capture the ‘ideal 

trajectories’. They were artificial/synthetic sequences, rather than from the data. The distance of 

each sequence was calculated by comparing with the ‘ideal type sequences’. Individual sequences 

were then assigned to one of the ‘ideal type’ categories based on the shortest distance to that 

‘ideal trajectory’. In some cases, it may be difficult to determine which ‘ideal types’ the sequences 

should belong to, especially when the distances to several ‘ideal sequences’ are close. In addition, 

the number of ‘ideal sequences’ is the number of clusters. Without theoretical knowledge, it 

would be difficult to select the ‘ideal sequences’ and justify their validity. Another way to create a 

synthesised sequence is to pick up the most frequent state at each time t and get the modal state 

sequences (Gabadinho et al., 2011a), which cannot ensure the plausibility of such a synthesised 

sequence. For example, it may end up in a representative sequence with a state ‘married’, 

followed by a state ‘single’, which does not make sense in reality.   

Using a medoid sequence is perhaps a better solution to describe and represent the clusters, 

rather than an artificial one. The medoid is one real sequence and the most central sequence, 

which has the shortest (or the weighted sum of) distance from the other individual sequences in 

one cluster (Gabadinho et al., 2011b). An important benefit of describing a cluster by medoid is 

that it can easily compute the dispersion of sequences around the medoid sequence (the 

minimum, the maximum, and the average distance within a cluster), which cannot be done in a 

modal sequence. The dispersion feature can tell us the extent of homogeneity (or heterogeneity) 

in any given cluster. A cluster containing homogenous sequences tends to be very similar to the 

medoid sequence, whereas a high dispersion suggests that sequences within the same cluster are 

heterogeneous, even though they are grouped together (Aassve et al., 2007).  

The possibility of identifying typical sequences for each cluster was explored in this study. Care 

pathways could be highly heterogeneous, as every patient has his/her health situation and care 

needs, which reflects the complexity of clinical practice and health research. It is easier to identify 

typical sequences to represent clusters in social sciences, because life course trajectories are 

simpler than care pathways, in terms of a smaller number of states and fewer permutations of 

states in the sequences. Individuals may have variations in education, employment, marriage, 

having children, and housing tenure in their life course, but it is possible to summarise the group 

patterns and identify typical trajectories in a population. 
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3.2.6 Event sequence analysis (ESA) 

Up to this point of this chapter, the previous contents are about state SA. If ignoring the durations 

of states (no timing information), they are just a string of characters (i.e. events). Event sequence 

analysis (ESA) finds common sub-sequences, which are one or more events occurring in the 

chronological order of the original sequences. Sub-sequences could be understood as part of the 

whole sequence by deleting some elements. For example, A, CE, ABD, and ABDE are sub-

sequences of ABCDE, which are fragments of a whole sequence. The most frequent sub-

sequences are usually from the prefix or suffix of a whole sequence. 

The limitation of the ESA is that it only provides fragmented information of the whole sequence. 

Table 3.1 illustrates the results of the 10 most frequent sub-sequences (with two events) from 

ESA in an earlier phase of the PhD study using data from HHRAD. We can know the frequency of 

events before LC diagnosis, but the previous common events identified by ESA could be anywhere 

in the diagnostic pathway, rather than the one right before the LC diagnosis. From this aspect, 

event SA is less useful, and sometimes could be misleading or cause confusion for someone who 

does not know this method, as they may think the events before diagnosis are the ones right 

before cancer diagnosis, but the sum of the percentages of the sub-sequences is over 100%. 

Therefore, ESA could be used as a supplementary method to state SA in this study, but not the 

focus, as analysing sequence holistically is the research interest. Despite this, ESA is still helpful 

to provide sequential patterns in text within each cluster (complementary to SSA), to allow a 

better understanding of the typology presented in the graph. 

Table 3.1 – Results of the ten most frequent sub-sequences from event SA in an earlier phase of a 

study using data from the HHRAD 
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3.3 Grouping sequences – cluster analysis 

3.3.1 Introduction 

After calculating the pairwise sequence distance, the next step is to group similar sequences 

together. Agglomerative hierarchical clustering (Ward’s method)(Ward, 1963), an unsupervised 

clustering technique, is commonly used to group sequences after OM. Dlouhy and Biemann 

(2015) compared eight clustering algorithms to find out which one can yield the best results, 

including Ward’s method, single linkage clustering (nearest neighbour method), complete linkage 

clustering (furthest neighbour method), average linkage clustering (between-groups linkage), 

centroid clustering, median clustering, McQuitty’s method, and k-means2. The results showed 

that Ward’s method delivered the best results among the eight clustering algorithms, consistently 

having the lowest misclassification rates in sequence lengths ranging from 5 to 100, where the 

misclassification rate was defined as the percentage of incorrect assignments of sequences to 

wrong clusters in that study. 

3.3.2 How the agglomerative hierarchical clustering algorithm (Ward’s method) works 

The agglomerative algorithm starts to find similar sequences locally. Sequences with shorter 

distances indicate greater similarity, which is grouped first. This process continues, until all the 

sequences are grouped together, under one roof. The basic idea of the algorithm is to minimise 

the intra-group variance and maximise the inter-group variance. The outcome of the whole 

process is a tree-structured dendrogram, as illustrated in Figure 3.5. The shape of the dendrogram 

provides information about how the sequences are grouped, and the structure of clusters. 

Decisions on the optimum number of clusters (discussed in the following subsection 3.3.5) will 

determine where the dendrogram is cut, as the red line is shown in Figure 3.5, so there would be 

four clusters in this example. The typology of the four clusters has been illustrated in Figure 3.3. 

The cluster membership for each sequence can be stored in a variable, as the outcome of cluster 

analysis. 

                                                           

2 The first seven algorithms are in the family of hierarchical clustering, while k-means is a partitioning 
clustering algorithm. One important limitation of k-means is that the number of clusters needs to be 
prespecified. In this PhD study, we could not know the number of clusters beforehand, as we do not have 
previous knowledge on this. 
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Figure 3.5 – Dendrogram of agglomerative hierarchical clustering (Ward’s method) based on OM 

distances  

3.3.3 Assessing the clustering quality 

Due to the hierarchical structure, a bigger number of clusters is always possible by splitting the 

nodes at a higher level to get more clusters at a lower level. As shown in Figure 3.5, the red line 

could be anywhere in the dendrogram, to get the number of clusters from 1 to n (sample size, the 

number of sequences). Therefore, additional indicators would help decide the number of clusters.  

Over ten statistical indicators are available to assess the quality of clustering/partition in R 

packages, to name a few, Point Biserial Correlation, Hubert’s Gamma, Hubert’s Somers’D, 

Hubert’s C, average silhouette width (ASW), Calinski-Harabasz index (Pseudo F), Pseudo R2. 

Understandably, these indicators have different algorithms, and they may not come to the same 

conclusion. It is better to choose one indicator suitable for SA (edit distance, not Euclidean or 

Manhattan distance, subsection 3.1.3), and use it consistently to compare the results from 

different sets of analysis in this study.  

Silhouette is a technique providing a graphical representation of how well each object is classified. 

The ASW value ranges from -1 to 1, measuring how similar an object (sequence in this study) is to 

its cluster compared with other clusters (Rousseeuw, 1987), which can be calculated for any 

distance metric (edit distance here). A high value (close to 1) indicates high between-group 

distances and substantial within-group homogeneity (Kaufman and Rousseeuw, 1990). The 

magnitude of ASW value is generally divided as 0.71−1.00, indicating strong and appropriate 

clustering structure, 0.51−0.70 reasonable structure, 0.26−0.50 weak structure and probably 

artificial, where ≤0.25 indicates the homogeneity of the groups is low (Studer, 2013). 

Other commonly used indicators are less suitable to assess the clustering quality after SA, due to 

their respective limitations. For example, the Calinski-Harabasz index ranged [0, +∞], is based on 

the F statistic of ANOVA (Pseudo F computed from the distances). Its extension to non-Euclidean 
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distance (such as OM) is subject to debate. Pseudo R2, which ranges from 0 to 1, can only 

compare partitions with the same number of groups, as it does not penalise complexity (Studer et 

al., 2011). 

3.3.4 Heterogeneity and outliers 

Even within the same cluster, considerable heterogeneity could still exist among sequences, 

which could reflect on the indicator of clustering quality. The distances between the deviants and 

the majority are bigger. The deviants could be chaotic or complicated sequences and considered 

as outliers. For health sequences, they are worth being further investigated to understand the 

reasons behind, e.g. why some patients had more frequent visits within a certain period. On the 

other hand, defining some criteria for outliers (e.g. a large number of GP visits) and selecting them 

out beforehand would help increase the efficiency of clustering and make the interpretation of 

cluster patterns easier.  

3.3.5 Deciding the optimal number of clusters 

Given the exploratory nature of SA, the number of clusters was usually decided by the researchers 

in a qualitative way in most published studies, looking at the extent to which the clusters could 

explain the research problem in the most informative way. The authors often presented the result 

(typology of clusters) without elaborating how they came to that solution and what criteria they 

used to decide the optimal number of clusters in their studies. 

As the outcome of the analysis, the rationale for deciding the number of clusters should be clear 

to readers and justifiable. One of the objectives to conduct a systematic scoping review (in the 

next chapter) is to understand how researchers decided the number of clusters after using SA. If 

the criteria are available from the published studies, their applicability in this PhD study could be 

assessed. If not available, then one of the objectives in the methodological exploration phase of 

this study is trying to establish some criteria to decide the optional number of clusters and then 

test the applicability. 

When deciding the optimal number of clusters, the empirical research context should be 

considered. Otherwise, if only relying on an indicator, the research is no different from a 

statistical exercise. Researchers could explore the results from a different number of clusters, 

presented in state distribution plots, to see whether the pattern in each cluster makes sense or 

not (interpretability). The best solution (typology) should represent the patterns of the data (not 

oversimplified or overcomplicated), with a reasonable number of sequences in each cluster 

(sample size), and the meaning of the clusters should not strongly deviate from the existing 
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theory and evidence (at least not counterintuitive or against the reality). These general principles 

could be used to decide the optimal number of clusters. 

3.4 Multiple interdependent dimensions in sequences 

3.4.1 Examples of multiple interdependent dimensions 

In some situations, sequences could be complex and contain multiple correlated dimensions (like 

education, employment, marriage, raising children). Another example is the primary care events 

in this PhD study, which are the reasons patients visited the general practice, and how HCPs (GP 

and practice nurse) managed patients after the presentation. Patient and HCP events are the two 

interdependent dimensions. HCP manages the patient’s health conditions; the patient follows 

HCP’s advice, takes the prescribed medications, and may come back if the previous action does 

not work.  

3.4.2 Possible approaches to analyse multiple interdependent dimensions 

There are four possible ways to analyse sequences with multiple correlated domains. The first one 

is constructing a typology for each domain individually and then using the most important 

dimension (e.g. employment) as the dependent variable in multinomial logistic regression, and 

other dimensions (e.g. marital status, housing tenure) as independent variables in the model. 

Instead of regression, the second approach is combining the result of distinct types of trajectories 

from each domain, like cross-tabulating typologies. These two approaches are not suitable to 

study interdependent patient-GP events. The main problem of these two approaches is that they 

do not consider the local or the temporal interdependence of the correlated dimensions, as each 

dimension is analysed and clustered independently. The timing information is not fully used, and 

all the correlated sequences are condensed and simplified as categorical variables. The results in 

each dimension may not be equally reliable or informative, as it is potentially sensitive to noisy 

data (missing data, poorly recorded information, or heterogeneous contents). In addition, cross-

tabulating typologies of categorical outcomes of multiple domains from SA may overestimate the 

number of clusters. Some combinations possibly have a very small sample size of sequences and 

thus are not informative.  

The third approach is combining patient and GP events together in states and using traditional SA 

to analyse sequences. The fourth approach is separating patient and GP states as two correlated 

channels, and using multi-channel sequence analysis (MCSA) in the analysis. These two 

approaches are more likely to work and further discussed their suitability below.  
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3.4.3 Multi-Channel Sequence Analysis (MCSA) 

Pollock (2007) and Gauthier et al. (2010) did pioneering work to extend traditional SA in one 

dimension to multiple dimensions, and called it multi-channel sequence analysis (MCSA) or 

Multidimensional SA. This approach can fully use the longitudinal information and analyse 

multiple correlated domains simultaneously from a holistic perspective. Compared with using SA 

multiple times and calculating distances of each dimension separately, Gauthier et al. (2010) 

argued that the strength of MCSA is its ability to take into account of all dimensions together by 

creating an extended alphabet, i.e. combining alphabets from individual dimensions. Calculating 

the distances and considering all the dimensions can produce more robust and informative results 

than analysing sequences in each domain separately. MCSA is thought to better account for the 

local interdependence and the interconnectedness of states at each time point of the alignment 

among channels. However, as the number of states becomes larger in the extended alphabet and 

the combinations become more heterogeneous, it may be challenging to set up and justify a cost 

scheme. In addition, the local contribution from each dimension to the overall distance is 

unknown.  

3.4.4 An exploration of the suitability of MCSA and SA in this PhD study 

An early exploration between combining patient and GP events together as the combined states 

and analysed using traditional SA (the third approach) and separating patient and GP events as 

the two interdependent channels and analysed by MCSA (the fourth approach) was conducted to 

decide which approach would be more suitable in this study. The background of this exploration is 

investigating how GP managed patients with COPD two years before LC diagnosis using the HHRA 

dataset. The outcomes of the analysis are present in Figure 3.6 (the typology of sequences with 

combined patient and GP states and analysed by SA) and Figure 3.7 (the typology by MCSA). 

Further discussion of these two approaches is in the next subsection.  
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Figure 3.6 – Typology of two clusters from single sequences with states combining interdependent 

patient-GP events two years before LC diagnosis (month as interval) 
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Figure 3.7 – Typology of two clusters by MCSA, patient (left) and GP (right) channels two years 

before LC diagnosis (month as interval) 

3.4.5 Brief discussion: the two approaches to analyse interdependent patient and GP 

events and the cluster patterns 

Separating patient and GP events can include more states in the alphabet and reduce the 

complexity in MCSA, while in traditional SA, patient and GP parts need to combine together for 

each state. The biggest challenge is how to categorise the combination of patient and GP events, 

and ensure the number of states is appropriate for analysis, graphic presentation, and result 

interpretation. If the number of combined states is too large (e.g. 20), it would be difficult to use 

different colours to represent all the states and detect the differences in the patterns in 

distinctive colours by human eyes.  

The separate presentation of the patient and GP channels in the typology of MCSA (Figure 3.7) 

allows the readers to know the patient and GP states at each time point (x-axis), which is the 

strength of MCSA. When calculating the distance between sequences, the patient and GP states 

are considered as a whole in the analysis of MCSA. However, the patient and GP sequences are 

presented separately in the figure. Therefore, we could not know how GP responded to patient’s 

presentation from the figures, which is the biggest limitation of MCSA. In addition, the proportion 
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of events classified as GP management was much larger than those classified as patient events in 

the HHRAD dataset. Therefore, a greater weighting was given to the GP channel than to the 

patient channel in MCSA, which had implications for the clustering structure. Using traditional SA 

avoids such a situation. Understanding how GP managed patient’s presentation at each 

consultation is of research interest. Therefore, combining patient and GP events together, 

representing the reason and outcome of the consultations in one single sequence, and analysed 

by traditional SA is a better approach in this study. MCSA is still a valid approach to analyse 

interdependent/correlated dimensions in other research contexts.  

3.5 Mainstream statistical software and packages to conduct SA 

The ‘TraMineR’ package (Gabadinho et al., 2011a) in R is the most popular package for both state 

and event SA. It can analyse and visualise sequential data, also able to conduct MCSA. Two 

packages, ‘SQ’ (Brzinsky-Fay et al., 2006) and ‘SADI’ (Halpin, 2017), and a plug-in ‘seqcomp’ 

(Lesnard and Kan, 2011), are available in Stata to conduct SA. SAS can produce sequence index 

plots but cannot perform OM, while SPSS cannot implement SA at the moment. In this study, the 

‘TraMineR’ package was used to conduct SA, followed by the ‘cluster’ package in R to do 

hierarchical clustering (Ward’s method). 

The computing power required to run SA should not be underestimated. For n sequences with a 

total observation period t, it needs to calculate pairwise distances between sequences to yield a 

symmetric distance matrix. If both n and t are very large numbers, the computing power will be 

very demanding. In addition, the length of a vector/object in R is fixed, i.e. 231-1 (2,147,483,647) 

elements, which is unchanged regardless of the increase of computing power. Computer power is 

related to the speed of computation, while the limit of a vector is the maximal storage space for 

the distance matrix. The dissimilarity matrix needs a storage space of n2, which should be less 

than 231-1. Therefore, the maximal possible number of sequences is 46,340, theoretically. The 

‘TraMineR’ package may not be able to conduct OM with a large number of long sequences. It 

was estimated that OM could be applied in R for up to 35,000 sequences, depending on the 

length of sequences (Durrant et al., 2018). It has been tested to use OM to analyse around 2,000 

sequences with a maximal length of 100 positions in the ‘SQ’ package in Stata (Brzinsky-Fay et al., 

2006). If the computing power is limited, researchers can randomly select a proportion of samples 

from the original dataset to conduct SA. An example can be referred to Mattijssen and 

Pavlopoulos (2017). This process can be repeated several times and compare the stability of the 

results. 
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3.6 Chapter discussion: the technical uncertainties of SA 

3.6.1 The nature of SA and the technical uncertainties 

The sociological rationale of SA is “life patterns are structured by variations in the timing, 

duration, and order of events” (Elder, 1985). SA represents a trend in social sciences toward 

thinking about “events in context”, rather than “entities with variable attributes” (Aisenbrey and 

Fasang, 2010). “Event in context” more emphasises having a holistic view of events in the 

sequence (to see parts in the entirety). In such a case, events are not fragmented or isolated from 

each other in a sequence. Instead, they are analysed and understood as a whole within specific 

contexts, while “entities with variable attributes” more reflect the relationship between 

independent and dependent variables in regression models.  

Unlike regression based on modelling, SA is algorithmic, non-parametric, exploratory, and 

descriptive without a dependent variable. Regression aims to understand the association between 

independent and dependent variables, and establish models for prediction, while SA aims to 

extract simplified information from the data, uncover the patterns among the sequences, and 

categorise the patterns into a limited number of representative clusters. Such an approach allows 

an overview of the whole trajectory at both individual and group levels (Halpin, 2012). SA 

provides a new perspective to understand longitudinal data.  

SA remains a marginal analytical tool. It sits somewhere between purely narrative and traditional 

variable analysis (Pollock, 2007). As an algorithmic method without an explicit probabilistic base, a 

key question is whether using SA can obtain meaningful results. Compared with other statistical 

methods, subjective judgement is involved in almost every step of the analytical process, let alone 

the technical uncertainties of SA (Aisenbrey and Fasang, 2010), including how to choose an 

appropriate dissimilarity measure and determine the costs of operations, how to decide the 

optimal number of cluster and justify the results are valid, how to treat the missing values and 

censored observations, and how to deal with the complex interdependencies over time.  

3.6.2 Appropriate dissimilarity measure and cost setting 

Measuring similarity between sequences is central in SA. Choosing the dissimilarity measure and 

setting the costs are the base for calculating the distance. Therefore, it is fair to say they are the 

most important parts of SA, which determines the results. Dlouhy and Biemann (2015) conducted 

a Monte Carlo simulation of career sequences to test how different sequence lengths, the sample 

size of sequences, and missing items in OM would influence the results. That study concluded that 

sequence length was the most crucial factor for results, and the authors recommended a 
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minimum sequence length of 25 should be met to ensure high-quality results, where ‘high-quality 

result’ was defined as <10% misclassification of sequences as a threshold by the authors. Sample 

size does not substantially affect result quality. The simulation found that OM performed quite 

well, even with a small sample size (n>50), although a larger sample size with better 

representativeness of the population was favoured for greater generalisability of the results. 

Another important finding was that OM could tolerate sequences with up to 30% of missing 

elements for a low misclassification rate.  

The four ways of cost setting were introduced and discussed in subsection 3.2.4. Wu (2000) 

commented that the choice of costs was a major concern in using OM in life course analysis 

because of the arbitrariness and the weak link to the theory. The distances could be meaningless 

in a particular field of sociology. Halpin (2003) counter-argued that indel and substitution are 

simply computationally efficient to calculate the distances between sequences, and the criticism 

of no clear sociological interpretation was mainly a red herring. Halpin made an analogy that we 

did not need to worry about the lack of a sociological interpretation of the Newton-Raphson 

method in the maximum-likelihood estimation. Theories in the health and social sciences are 

rarely precise enough to answer questions related to cost setting. Without theoretical support or 

previous empirical evidence, it could be challenging to justify the decision of cost setting. Two 

general approaches of cost setting are data-driven and constant costs. Both approaches are used 

in this study, and the results are compared in Chapter 5. 

3.6.3 The optimal number of clusters and the validity of results 

Ward’s method was proved as the best algorithm after OM with the lowest misclassification rates 

(Dlouhy and Biemann, 2015). Such a conclusion solves the problem of which clustering algorithm 

should be used, and boosts researchers’ confidence to use Ward’s method. However, the optimal 

number of clusters is still an unsolved problem. This study aims to establish some criteria to help 

decide the optimal number of clusters, and to improve the validity of results.  

3.6.4 The order, timing, and complex interdependencies of states in sequences over time 

States in life course sequences are time-referenced. Timing is relevant to patient’s help-seeking 

behaviours, and is especially important before the stage of cancer diagnosis. Since indel 

operations can move states forward or backward, when analysing patient and GP events in a 

single combined sequence, the states could combine both parts, like “patient presented with 

cough, GP ordered CXR”. Putting the GP part after the patient part could be considered as the 

outcome of the consultation. If separating them, when matching sequences, it may result in 
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several patient states, followed by several GP states, as OM may consider this way as the ‘optimal’ 

solution with the lowest cost; but this situation does not make sense. Researchers should 

consider the possible adverse effects and the implications when using the algorithms to avoid 

counterintuitive results.  

3.7 Chapter summary: how SA fits in this PhD study 

There are still many unresolved problems in SA, especially in the field of health research. These 

unsolved problems provide new research opportunities and academic debates, which could lead 

to improvement in the theory and application of SA in various disciplines. This PhD study tries to 

contextualise SA to study complex primary care sequences involving patient and GP events. SA 

can take the whole sequence from all the patients to identify cluster patterns. Such a unique 

strength is not achievable by regression. Considering the exploratory nature of SA, it needs to 

compare results from different methodological/technical options to get meaningful empirical 

cluster patterns. In summary, the key methodological issues of SA relevant to this study include:  

1. How can sequences be constructed using events extracted from discrete health records? 

How the variation of visit intervals in the sequence can be accommodated among different 

patients? Constructing sequences is the premise of conducting SA. Without sequences, 

there is no way to perform the analysis. 

2. How would different dissimilarity measures (e.g. OM, HAM, DHD) and cost setting schemes 

(constant and data-driven) influence the results of SA?  

3. What criteria are helpful to decide the optimal number of clusters and improve the validity 

of the result? 

4. Is it possible to identify some ‘typical sequences’ for each cluster of the typology? Are they 

helpful and meaningful? 

A systematic scoping review was conducted to understand how these key methodological issues 

have been addressed in the published health studies, and to further evaluate the value of SA for 

each study. This is reported in the next chapter. The findings of the review were used to guide the 

analysis plan and address the above methodological issues in the main study. 
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Chapter 4 The application of sequence analysis in 

health services research: a systematic scoping review 

4.1 Introduction 

4.1.1 The objectives of this chapter 

The previous chapter provided an overview of SA and discussed some methodological issues in 

the application of SA in this study. SA has been applied in genetics, biology, and social sciences, 

but is relatively new in health research. This chapter is a review of studies that used SA in health 

research. Generally, there are three objectives to conduct this review:  

1. To understand how SA has been applied in health research; 

2. To document how the methodological decisions related to SA were made in each study (the 

issues identified at the end of Chapter 3) and to critically appraise the strengths and 

limitations of those methodological decisions;  

3. To evaluate whether there was any added value of using SA, or better use alternative 

methods to answer the RQs in respective studies, considering the research context. 

At the end of this chapter, the findings of this review, the general problems in the current 

application of SA in health services research, and the research gaps are summarised and 

discussed. 

4.1.2 Position of this review 

This review could be positioned either as a methodological systematic review or a systematic 

scoping review. Methodological systematic review is one of the ten types of systematic reviews in 

medical and health sciences (Munn et al., 2018b). It aims to examine a research method and its 

potential impact on research quality. An example of this type of review is investigating the effect 

of editorial peer review processes on improving the quality of reports in biomedical studies 

(Jefferson et al., 2007). Alternatively, scoping review is a common approach to review evidence in 

an emerging field or topic, and to identify knowledge and research gaps (Munn et al., 2018a). The 

first framework for scoping review was published in 2005. Scoping review has great utility in 

synthesising research evidence in a field regarding the nature, features, and volume of existing 

literature (Arksey and O'Malley, 2005). Munn et al. (2018a) provided a guide for authors to 
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choose between conducting a systematic review or a scoping review, and the indications to 

conduct them, summarised in Table 4.1. 

Table 4.1 – Summary of the indications to conduct a systematic review or a scoping review 

Systematic review Scoping review 

1) Uncover international evidence; 

2) Confirm current practice/address any 

variation/identify new practices; 

3) Identify and inform areas for future 

research; 

4) Identify and investigate conflicting 

results; 

5) Produce statements to guide decision-

making. 

a) To identify the types of available evidence 

in a given field; 

b) To clarify key concepts/definitions in the 

literature; 

c) To examine how research is conducted on 

a specific topic or field; 

d) To identify key characteristics or factors 

related to a concept; 

e) As a precursor for a systematic review; 

f) To identify and analyse knowledge gaps. 

Compare the research objectives of this review against the above indications: 

 To identify available studies using SA in health research – falls in scoping review indication (a) 

 To investigate the methodological issues related to the design, conduct, and analysis of 

studies using SA – scoping review (c) 

 To synthesise evidence and identify knowledge gaps – scoping review (f)  

 To guide decision-making and inform possible research approaches for this PhD study – 

systematic review (3, 5) 

Based on the above comparison, this review is more inclined to be a scoping review, despite one 

objective fit in the indication of systematic review. Scoping reviews can be carried out to 

investigate the way how research has been conducted. For example, a scoping review was to 

understand how scoping reviews have been conducted (Pham et al., 2014). A variety of study 

designs are usually included to support a greater breadth of scoping review. A difference between 

scoping review and systematic review is that scoping review aims to provide an overview of the 

existing evidence base regardless of the quality of the included studies. A formal assessment of 

methodological quality is generally not performed (Peters et al., 2015). However, methodological 

quality is central in this review, and it should be appraised. Studies were not excluded even if the 

methodological decisions were challenged, as they provided some examples of pitfalls and 

learning points for this study. 



Chapter 4 

67 

Therefore, this review is positioned as a systematic scoping review, focused on a particular 

statistical method, i.e. SA, applied in health research, and follows the guidance of conducting and 

reporting reviews of this type (Peters et al., 2015). In order to improve the quality of this review 

and the utility of the results, this review was conducted systematically, in terms of transparent 

search strategy, systematically search in multiple key medical and health databases, explicit 

inclusion and exclusion criteria, critically appraising the quality of studies using recognised and 

recommended checklists, a structured format for data extraction of the included studies, 

synthesis of research evidence, and reporting the findings following the guidelines of the PRISMA 

(Preferred Reporting Items for Systematic Reviews and Meta-Analyses) statement (Moher et al., 

2009).  

4.1.3 Formulate the search question for the review 

The search question was, “how has SA been used to study disease trajectories, care pathways, 

or longitudinal health process (health services) in medical and health research?” Two acronyms, 

PCC for Population, Concept and Context (Peters, 2016), and SDMO for the types of Studies, Data, 

Methods, and Outcomes (Clarke et al., 2011) were used to deconstruct the search question, and 

made it more concrete and specific, which also involved specification of the inclusion and 

exclusion criteria to select studies for this review.  

 Population: any type of population in human species, regardless of demographic 

characteristics, but not animals; 

 Concept/Methods: sequence analysis; 

 Context/type of Studies: health research related to disease trajectories, care pathways, or 

health services, not limited to any type of disease, but NOT in genetics or biology; 

 Data: longitudinal quantitative data, either observational or interventional, with or without 

randomisation or control group; 

 Outcome: clusters or typology of sequence analysis, likely to be multiple outcomes (clusters), 

but the outcomes must be in the health domain, NOT social sciences (e.g. transition in 

employment, career trajectories) 

4.2 Methods 

4.2.1 Search strategy and databases 

The search strategy was discussed and refined multiple times with the support from a research 

librarian, who provided consultation services for the School of Health Sciences, University of 
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Southampton. The librarian kindly provided tips to improve the search strategy. Medical Subject 

Headings (MeSH) and free text keywords were used in the search strategy wherever possible. If 

MeSH terms were not available or applicable, free text keywords were used instead. For example, 

the six MeSH terms of “sequence analysis” were all related to a technique to analyse protein, 

DNA, or RNA in genetics, which was not the intended research field in this review. Therefore, only 

keywords were used in such a circumstance. The key words included pathways, trajectories, and 

health services in different care settings (primary, secondary, tertiary care, and other similar and 

relevant expressions), as well as care pathways, disease trajectories, care trajectories for any type 

of disease. When conceptualising and developing the search strategy, keywords used to describe 

the technical aspects of SA were considered (e.g. cost, distance matrix), but not included in the 

final search strategy, because it was possible that some papers focused on a specific healthcare 

issue mentioned SA but none of the methodological terms – e.g. the basic operations (indel and 

substitution), the most common dissimilarity measures (e.g. OM, Hamming, or others), statistical 

packages and software used to conduct SA (e.g. ‘TraMineR’).  

In order to be more inclusive, the keywords were searched in all text (TX) field, not limited to the 

title (TI) and/or abstract (AB), as some keywords were not necessarily described in the title or 

abstract. The search strategy was searched in four main medical and health databases: MEDLINE, 

PsycINFO, CINAHL (Cumulative Index to Nursing and Allied Health Literature) Plus with Full Text, 

and Embase (including Embase Classic, since 1947). The first three databases were integrated into 

the EBSCOhost research database, purchased by the University of Southampton, while the 

Embase was on the Ovid platform. The whole searching strategy and the number of records in the 

EBSCOhost (MEDLINE, PsycINFO, and CINAHL) and Ovid platforms (Embase) are in Appendix A. 

The records were restricted to publications in English, abstract available for screening, and 

published up till 31 December 2018. Some accepted papers (pre-print, in process) were retrieved 

by the search engine and included in this review, although they were formally published in 2019. 

The reference lists of the included papers were reviewed. Potentially relevant papers were hand-

searched and further assessed their eligibility to be included in this review. 

4.2.2 Inclusion and exclusion criteria 

Since SA was still emerging in health research, it was expected that studies using SA had a great 

variety in different health-related contexts. A broader inclusion criterion may increase the chance 

to identify a broad range of potential uses of SA in health research. Publications using SA to study 

any type of disease trajectories, care pathway, or health services utilisation were of interest, and 

potentially eligible to be included in this review. However, the following types of studies were 

excluded: 
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1. Studies of genetic pathways in biology or genetics; 

2. Work/family life-course trajectories in sociology or demography. Notably, some social 

epidemiological studies investigated the association between work/family life-course 

trajectories and health-related measures or outcomes, like Pedersen et al. (2016) and Benson 

et al. (2017), and others. The reason to exclude this type of study was that SA was used to 

study trajectories or pathways in the social sciences domain (employment history, career 

development, forming family), rather than health trajectories, which was out of the scope of 

this review;  

3. As discussed in subsection 3.2.6, event sequence analysis can be used only to identify 

fragments of health events. This review aims to understand how SA has been used to analyse 

and identify patterns of the whole trajectories. Therefore, studies only used event SA like Rao 

et al. (2018a) were also excluded; 

4. Review and pure methodological studies (rather than empirical studies), qualitative studies, 

conference abstracts, and unavailable full-text articles were all excluded.  

 

Based on the search strategy, the EBSCOhost and Ovid databases returned 706 and 86 records, 

respectively (screenshots from each platform are in Appendix A). It was worth mentioning that 

there were only 659 records available after downloading from the EBSCOhost platform, with a 

gap of 47 (706-659) records. This could be that the EBSCOhost platform removed the exact 

duplicates among the MEDLINE, PsycINFO, and CINAHL databases for the users. The extracted 

references were managed by EndNote X9. The 33 duplicates in the PRISMA flow diagram (Figure 

4.1) were those in both EBSCOhost and Ovid databases. After removing the duplicates, 655 

records were excluded based on title and abstract screening, 97% of which (633/655) were in 

genetics and biology, and the remaining were in social sciences or conference abstract. The next 

step was reading the full-text articles and assessing their eligibility to be included in this review. 

Another 53 references were excluded at this stage for two main reasons: the majority of papers 

(89%, 47/53) were health studies but not involving SA. The other six were social epidemiological 

studies, and SA was used in the social domain (work-family life course trajectories). Finally, 13 

studies were included in this systematic scoping review.  The whole review process was present in 

Figure 4.1, using the PRISMA flow diagram (Moher et al., 2009). I was the main reviewer. The two 

supervisors, Dr Lucy Brindle and Dr Bronagh Walsh, each independently reviewed a random 

sample of 5.5% (n=40) from the excluded references at the stage of title and abstract screening 

(n=721) and 9.4% (5/53) at the stage of full-text screening, as a quality assurance measure. Any 

uncertainty was discussed and finally agreed. 
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Figure 4.1 – The PRISMA flow diagram of the whole screening process for study selection and 

exclusion 

4.2.3 Selection of critical appraisal tool and critique of individual paper 

Critical appraisal tools would be very helpful to evaluate the included studies objectively and 

consistently with the same standards. Buccheri and Sharifi (2017) summarised the commonly 

used critical appraisal tools and reporting guidelines. Critical Appraisal Skills Programme (CASP, 

the UK) and Joanna Briggs Institute (JBI, based in the University of Adelaide, Australia) provide the 
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most comprehensive checklists for different types of studies, to name a few, systematic review, 

meta-analysis, RCT, observational studies (case-control/cohort study), qualitative study, 

diagnostics, economic evaluation, clinical prediction rules.  

The first step to choose the right appraisal tool was to know what types of studies were selected 

in the review. The common characteristics of the 13 included studies were uncontrolled, 

longitudinal, quantitative, observational studies. These characteristics greatly limited the choice 

of choosing an appropriate appraisal checklist, as they were: 

 Longitudinal: not cross-sectional, and it was not necessary that the studies had an exposure, 

a control group, or confounders. Therefore, checklists developed for cohort studies, case-

control studies, and prevalence studies may not be directly applicable to appraise these 

studies; 

 Observational: not interventional/experimental, checklists for RCT or quasi-experimental 

studies were also not suitable; 

 Quantitative: checklists for qualitative, text or opinion were irrelevant.  

The NICE algorithm for classifying quantitative study designs (The National Institute for Health and 

Care Excellence, 2018) was referred to solve this dilemma and guide the decisions on which 

checklist should be used. The algorithm indicated the study type as case series (uncontrolled 

longitudinal study) and recommended three checklists for studies of this type, i.e. Institute of 

Health Economics (2016), the JBI checklist (Moola et al., 2017), The National Heart Lung and Blood 

Institute (NHLBI) (2013) checklist for case series studies. In the context of evidence-based 

medicine, case series was defined as “a report on a series of patients with an outcome of interest. 

No control group is involved” (Glossary of EBM terms). The Oxford Handbook of Medical Statistics 

(Peacock and Peacock, 2010) defined case series as “a descriptive study involving a group of 

patients who all have the same disease or condition. The aim is to describe common and differing 

characteristics of a particular group of individuals” (P34). These two definitions reflected the 

research design of the included studies the best. Of course, there are other definitions of case 

series in clinical settings.  

The three checklists recommended by NICE are recognised and accepted in the scientific 

community. The checklists have different lengths and wording in each item, but cover general and 

vital elements to appraise a case series study, including RQ or research objective, study design, 

population, study outcome, statistical methods, results, and conclusions. After comparing the 

three checklists, it was decided to create a customised framework to assess the quality of the 

included studies by combining the strengths of the JBI and NHLBI checklists for the following 

reasons: firstly, none of the checklists was 100% suitable for the research context of the included 
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studies. For example, items related to intervention in case series did not apply to observational 

studies in this review. Secondly, SA focuses on studying sequential patterns of states over time, 

meaning that the outcomes in these studies are likely to be multiple and transitional. Thirdly, 

because the checklists were designed to appraise case series, substantial items were focused on 

the ‘cases’ (participants) – clear criteria for inclusion, valid methods to identify participants, 

consecutive and complete inclusion of participants, and comparable subjects. These criteria were 

relevant and essential to a clinical case series study, but somewhat repetitive in this review. 

Furthermore, none of the checklists advised a clear cutoff point to include or exclude the paper, 

which could probably lead to a subjective decision despite an objective assessment process. In 

conclusion, both JBI (in Appendix B) and NHLBI (Appendix C) checklists are easy to implement and 

user friendly, especially JCI, as it provides further explanation for each item with some examples, 

which makes a difference from those checklists without clear and explicit explanations. 

Ambiguous wording in some standalone checklists could confuse the users.  

The customised critical appraisal checklist includes the following items. The options for these 

items are: yes, no, cannot determine, not reported, or not applicable. 

1. Was the study question or objective clearly stated? 

2. Was the study population clearly and fully described? 

3. Were the states clearly defined, valid, reliable, and implemented consistently across all study 

participants? 

4. Were the statistical methods (not just SA) well described and appropriate? 

5. Were the results well described? 

Besides the checklist, the application of SA in respective studies was critiqued about its strengths 

and limitations – whether there was any added value or novelty of using SA to reveal the key 

findings related to the RQ or fit in the research context in each study, and discussed other 

methodological issues (e.g. dealing with missing data, any potential selection bias). 

4.2.4 Structured data extraction from the included papers  

Key information from the included papers was extracted in a structured manner, based on the 

recommendations by Peters et al. (2015), including the following fields:  

 Author(s) and the year of publication (together formatted as Harvard referencing style as 

required in this thesis); 
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 Country of origin; 

 Aims/purpose of the study, with a particular focus on why SA was used to answer the RQ in 

each study; 

 Research context, study population, and sample size 

Additional information/fields regarding the methodological decisions of SA were also extracted 

for this review, including:  

 Duration of the observation – intervals and timeline of sequences; 

 How states in the sequences were defined and measured; 

 Dissimilarity measures (e.g. OM, Hamming, DHD, or others) and cost settings in SA; 

 Clustering algorithm and the decision on the number of clusters  

The extracted information in respective publications is organised and reported in the Result 

section (Table 4.2).  

4.3 Results and interpretations 

4.3.1 Results of critical appraisal of the included papers 

For all the 13 included papers, the study objectives were clearly stated, and the study population 

was fully described in each study. The states for sequence construction in each study were clearly 

defined and implemented consistently across all study participants. The statistical methods used 

in each study (not just SA) and the results were critiqued, reported in the following subsections. 

Important information for each study is summarised and presented in Table 4.2.  

4.3.2 Characteristics of the included studies, research design and context, data source and 

sample size 

The included studies indicate that SA is still quite a new method in applied health research. The 

number of publications started to increase in 2015. The method was more used by researchers 

from the western developed countries (the United States 5 papers, France 3 articles, England and 

Germany 2 studies for each, and the Netherlands 1 publication). Despite the research context and 

the study population of two studies being from developing countries (India and Malawi, both 

studied HIV), the first and last authors in these publications were from developed countries. In 

almost all manuscripts reviewed, the authors claimed the originality of their studies by stating 

that their attempt of applying SA to solve a problem was a novel approach, and the first one in 

their respective research field. 
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The application of SA in health research among the 13 included studies varied considerably. Three 

studied mental health – two in chronic mental illness among homeless persons (Wuerker, 1996, 

Lim et al., 2018), and one explored long-term clinical course (the psychopathological status and 

syndromes) of schizophrenia (An der Heiden and Hafner, 2015). Four studied physical illnesses, 

two in heart failure (Rao et al., 2018b, Vogt et al., 2018), one about community-acquired 

pneumonia (Hougham et al., 2014), the other one about end-stage renal disease (Le Meur et al., 

2019). Two studied HIV in developing countries, one about the reproductive trajectories (marriage 

and childbearing) and the awareness of HIV infected status among women in Western India 

(Darak et al., 2015), while the other aimed to understand participants’ opinions about the 

prioritisation of receiving antiretroviral therapy (ART) in different populations in Malawi (Yeatman 

and Trinitapoli, 2017). Two French studies used SA to explore the level of care consumption in 

health services, among pregnant women in their trimesters (Le Meur et al., 2015), and among 

patients with multiple sclerosis (Roux et al., 2018). The remaining two studies explored the 

trajectories in non-patient populations, one in vision changes among English elder people 

(Whillans et al., 2016), the other in BMI changes among American pupils (Moreno-Black et al., 

2016).  

As to the source of longitudinal data, nine studies used electronic health records (EHRs), 

administrative data, health insurance claim data, or existing data (the English Longitudinal Study 

of Ageing, ELSA) for secondary analysis. The remaining four were studies with primary data 

collection – two studies of HIV (Darak et al., 2015, Yeatman and Trinitapoli, 2017) collected data 

by interview. Sample sizes of the studies were ranged from around 50 to 10,000. Studies using 

existing databases (EHRs and administrative data) tended to have larger sample sizes, and the 

authors were more likely to claim their samples representative of the intended study population.  

4.3.3 The added value of applying SA in respective studies and some comments for further 

improvement 

SA has been applied in different ways to solve problems in health research. In most studies, 

sequences were consecutive states in the timeline. SA was used together with cluster analysis in 

most studies to explore trajectories, identify typical patterns, and create typologies. 

SA is a useful descriptive tool to present and visualise complex sequences over a long period in 

various figures (e.g. state distribution plot, state frequency plot, sequence index plot, regression 

tree), which is the biggest strength of SA. Using the right graphic presentation can ease the 

communication of the findings. The included studies provide some examples of researchers using 

figures exclusive to SA to effectively communicate their findings. Sequence frequency plot was 
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used to present the most frequent sequences in each cluster of vision trajectories among older 

people in ELSA (Whillans et al., 2016). It has been popular to use the most frequent sequences to 

represent the cluster patterns. In most situations, multiple sequences are needed to reach a 

certain level of coverage (e.g. covering 25% of all the sequences in a cluster). Vogt et al. (2018) 

also reported the ten most frequent sequences in each cluster in figures, which allowed readers 

to understand how patients diagnosed with incident heart failure consumed health services in 

Germany through the typical procedures, specialities, and medication sequences. But if the 

sequences have considerable heterogeneity among each other, it could be challenging to find a 

few sequences to represent the clusters, as they do not reach the defined threshold (e.g. 25%).  

 

Sequences were creatively used to represent the order of events in health services in two studies. 

Hougham et al. (2014) constructed the sequences based on the order of stability in seven clinical 

indicators (blood pressure, return to baseline mental status, ability to feed by oral intake, 

respiratory rate, temperature, heart rate, blood oxygen saturation) among adult patients (age 18+ 

years, n=1,461) after hospital admission because of community-acquired pneumonia from five 

academic medical centres in the US. That study aimed to understand the variation of sequences, 

and to assess the association between the patterns of stabilisation and patient-level outcomes 

(30-day mortality, length of stay, and hospitalisation costs). Although the approach of 

constructing sequences was interesting, the technical issues were not addressed appropriately. 

For example, the stability of the clinical indicators was dynamic. Some stable indicators might 

become unstable at a later time point of hospitalisation. The sequences in that study did not 

represent the possible changes in the clinical indicators, which was a limitation. 

 

In another study, sequences were constructed by the order of the perceived prioritisation to 

receive antiretroviral therapy for HIV among six groups of people with combinations of the three 

characteristics (healthy-looking or sick pregnant women, healthy-looking or sick non-pregnant 

women, and healthy-looking or sick men). That study aimed to understand the awareness and 

perceived fairness of a health policy among participants in Malawi (Yeatman and Trinitapoli, 

2017). Despite its novel use, SA was simply used as a descriptive tool without cluster analysis. 

Simple descriptive statistics (e.g. a frequency table) could have generated the same result, as the 

order of priority did not have any sequential or temporal implication. It was just the perception of 

the participants.  
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Le Meur et al. (2015) used an EHR database to investigate the consumption of prenatal care in 

trimesters among French pregnant women. Among 2518 women, 27 distinct sequences were 

identified, which meant the sequences were relatively homogeneous, as the most frequent 

sequence could represent 34.7% (n=873) women, while the least frequent one still covered 3.3% 

(n=84) women. The reason for such homogeneous results was probably because only three states 

were specified – ‘no use of care’, ‘intermediate level’, and ‘high level of care consumption’, which 

were also the three themes identified by cluster analysis, representing 21%, 66%, and 11% of the 

population, respectively. The authors could have improved that study by taking a further step, 

comparing the results between the typology and the descriptive statistics, and concluded whether 

it was possible to use a simpler method (e.g. a frequency table summarising the patterns of 

prenatal care consumption in three gestational periods, with the frequency and percentage for 

each pattern) to substitute the more complicated and troublesome approach (SA and cluster 

analysis). The authors may conclude whether using simpler descriptive statistics could answer the 

RQs in that study or not. This study was a special case, as it only involved three states in three 

periods and highly homogeneous sequences. For longer sequences with a larger number of states, 

the sequences would become more heterogeneous. In such a case, using simple descriptive 

statistics could not identify meaningful patterns of sequential changes over time, nor effectively 

communicate the information in a frequency table. 

 

How to specify states was dependent on the RQs in respective studies. The number of states of 

the included studies ranged from 3 to 15. Applying prior knowledge of the research context in 

state specification would be more likely to yield meaningful typology, especially for the sequences 

containing complex information from multiple dimensions. One good example was the study by 

Darak et al. (2015). Each state comprised information from three dimensions (marital status, 

awareness of HIV status, and childbearing status), as shown in Figure 4.2. The graphic typology 

allowed the readers to appreciate the distribution and the change of states over time across 

participants’ life course in each cluster, alleviating readers’ cognitive burden to digest complex 

information. Another good way to make sense of the cluster pattern was to use medoid 

sequences or summarise the pattern in text. For example, in the same study, the most central 

(typical) trajectory for the cluster “HIV diagnosis concurrent with childbearing” (Cluster 1, Figure 

4.2) was (women) getting married at an average age of 21.5 years -> pregnant within a year of 

marriage -> tested HIV positive during the first pregnancy -> partner tested HIV positive 

immediately thereafter -> living concordant with one child. The explanation in text helped readers 

to understand what the graphic presentation of the cluster meant. However, it was not always 

possible for all the studies to do this, as some clusters may have heterogeneous sequences 
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leading to less apparent patterns. Demographic variables (woman’s age at marriage, education, 

urban/rural residence, and the period of HIV diagnosis) were identified as risk factors using 

multinomial logistic regression (one cluster as reference). This study not only provided a holistic 

perspective of the reproductive trajectories and the HIV infected status among Indian women, but 

also identified demographic risk factors for each cluster. All of these were new knowledge 

generated by the unique features of SA, which could not have been provided by other methods. 

 

Figure 4.2 – States containing information from multiple dimensions and the typology of 

sequences from Darak et al. (2015) 

Another way to present and analyse sequences with complex information was to construct 

sequences in multiple channels, each channel for one specific dimension. Vogt et al. (2018) aimed 

to identify typical treatment sequences in ambulatory care for German patients with an incident 

diagnosis of heart failure. Instead of integrating information into states, the authors constructed 

three sequences for each patient – speciality sequence (GP, internist, cardiologist, missing), 

procedure sequence (electrocardiogram, echocardiography, lab test, missing), and medication 

sequence (ACE hemmer, angiotensin receptor blockers, beta-blockers, missing), and analysed 

each sequence separately. The findings of cluster patterns were informative for patient care and 

management, as well as health services planning. However, the authors did not synthesise and 
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triangulate the information from the three sequences. The authors could have at least tabulated 

the patterns from the three sequences. Alternatively, they could have used multichannel 

sequence analysis to analyse the three channels together, rather than analysing each channel 

separately.  

Rao et al. (2018b) used event sequence analysis to identify six significant sub-sequences of the 

common causes of two emergency readmissions (e.g. cardiorespiratory symptoms/signs -> chest 

infection; external injury -> chest infection) among five groups of patients with heart failure. It 

was useful knowledge for clinicians to act proactively and avoid such incidents. But the limitation 

of event sequence analysis was that we could not know when these events happened in the 

timeline or the gap between the two events (it could be one month or several years), or whether 

there were any other medical events that happened between the two emergency readmissions. 

All of these were of clinical interest, but event SA could not adequately address them. In addition, 

there were substantial overlapping health events in the sub-sequences. Such knowledge may 

have already been reported in other studies in that field. Group-based trajectory modelling based 

on zero-inflated Poisson regression was used to classify patients into five subgroups. State SA was 

only used as a descriptive tool in that study. Both group-based trajectory modelling and SA can 

identify subgroups as clusters. The main difference is that the former method is often used to 

investigate the change of a single outcome (often a continuous variable, e.g. physical 

development in children, cognitive decline in the elderly) over time using a likelihood function, 

while state SA is used to investigate the stability or transition of different states over time and 

based on algorithmic edit distance. 

4.4 Summary and discussion of the methodological/statistical decisions 

related to SA 

4.4.1 The interval and sequence length 

The intervals of the timeline included month, quarter, and year. The longest timelines of the 

sequences were 134 months (by month) (An der Heiden and Hafner, 2015) and 30 years (by year) 

(Darak et al., 2015), respectively; while the shortest length of sequences was only five (5 years or 

five waves of data) in 3 studies. Sequences had the same length in each study. Although 

sequences could have unequal length, this situation did not appear in the included studies. 

Dlouhy and Biemann (2015) recommended a minimum of 25 elements in sequences (subsection 

3.6.2), but it is not always possible.  
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4.4.2 Dissimilarity measures and cost setting 

OM was the most commonly used algorithm, while in three studies, researchers chose alternative 

algorithms. Whillans et al. (2016) used dynamic Hamming distance (DHD) but did not further 

explain why they chose DHD in that study, nor discussed its implication in the results. Vogt et al. 

(2018) and Le Meur et al. (2019) chose the longest common subsequence (LCS), as they were 

interested in the most common attributes occurring in the same order among sequences. This 

approach is similar to event sequence analysis, selecting the same events from sequences, as the 

word ‘subsequence’ in LCS indicates, with an additional calculation of the number of common 

sub-sequences between two sequences. As to cost setting for the three basic operations in OM, it 

was very common to set indel cost as one and substitution cost proportional to the transition 

rates among states, i.e. OM[1, TR]. This data-driven approach to set substitution cost seemed 

reasonable, when there was no theoretical knowledge available. An der Heiden and Hafner (2015) 

used a customised substitution cost matrix to represent the severity of psychopathological 

syndromes of schizophrenia. Although the author made a footnote saying that it yielded an 

almost identical cluster pattern as the traditional cost setting (indel cost=1, substitution cost=2), it 

was not clear whether only substitution was used, or together with indel in the customised 

substitution cost matrix. Because if the substitution cost is greater than two times of the indel 

cost, substitution would not be used in OM, as they are not computationally efficient. Indel 

operations are used instead (discussed in subsection 3.2.4).  

4.4.3 Sequence clustering/partition 

Ward’s method (agglomerative hierarchical clustering based on the dissimilarity matrix) was the 

clustering technique used most often. However, very few studies reported the criteria to decide 

the number of clusters. Hougham et al. (2014), Le Meur et al. (2015) and Moreno-Black et al. 

(2016) used average silhouette width (ASW) to assess the cluster quality, as introduced in 

subsection 3.3.3. The last two studies reported a reasonably good clustering structure in general, 

with the overall ASW value of 0.52 and 0.72 in respective studies. Hougham et al. 

(2014) examined the ASW values from 2 to 20 clusters of sequences, and the ASW values were 

ranged from 0.11 to 0.26. The authors finally chose eight clusters (ASW=0.14) as the optimal 

solution, considering the cluster quality (although not the highest ASW), discrimination between 

the types of sequences and patients, and cluster size (all >30 patients), which was a sensible 

decision.  

Regression tree (also known as discrepancy analysis) was used in some studies to split the nodes 

and identify the key determinants to explain the variation among clusters. For example, it was 
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used to split groups of homogeneous care trajectories by a number of variables (e.g. age group, 

sites, diabetes, nephropathy, disability) among patients with end-stage renal disease (Le Meur et 

al., 2019), as shown in Figure 4.3. Only a small proportion (12%) of the total variation in the care 

trajectories could be explained by the covariates in regression tree, as other variables or 

information that may be more helpful to explain the variation among the sequences might not be 

available.  

 

Figure 4.3 – An illustration of regression tree, from Le Meur et al. (2019) 

4.4.4 Approaches to identify significant covariates among the clusters 

Three ways were used in the included studies to identify significant variables among clusters: 

regression tree (discrepancy analysis) (Le Meur et al., 2019), multinomial logistic regression (Darak 

et al., 2015), and simple parametric and non-parametric tests (e.g. ANOVA, Pearson’s chi-square 

test, Kruskal-Wallis test) (Roux et al., 2018).  

Regression tree is essentially different from the other two approaches, which is done without 

cluster analysis. It starts from one big cluster including all the sequences (the initial parent node), 

and then recursively partition the sequences by splitting a binary node with the biggest R2 at each 

step. The result (two child clusters) would differ as much as possible from one another, while the 

sequences within the same cluster as homogenous as possible. Regression tree is a powerful 

graphic tool to present the result, as shown in Figure 4.3. It allows the readers to understand the 

entire process of how the covariates partition the sequences from the beginning more intuitively, 

and how the covariates explain the variance of sequences at different steps. However, the biggest 
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limitation of regression tree is that it can only split a binary node at each time. Continuous and 

categorical variables need converting to several binary variables if researchers want to use 

regression tree, which could be burdensome to find the best cutoff values for each variable to 

partition the clusters.  

Multinomial logistic regression is another possible analytical approach to identify significant 

variables for different clusters. The clusters are the dependent variable (categorical), with one 

cluster as the reference category, and the independent variables could be any data type 

(continuous, binary, categorical, or ordinal). Researchers can use multinomial logistic regression 

to do uni-variable and multivariable analyses. But if the number of clusters is big, with some 

categorical variables in the multivariable multinomial logistic regression model, more advanced 

statistical knowledge is needed to interpret the results. A simpler solution would be using 

parametric and non-parametric statistical tests first, to compare the characteristics among the 

clusters and identify significant variables. Such analysis could be done before running multinomial 

logistic regression to select significant variables for the multinomial logistic regression model. 

When using regression tree, it would be better to have some background knowledge (from theory 

or previous empirical evidence) on the relationship between the covariates and the sequences, as 

the covariates directly partition the sequences and determine the clusters. Without previous 

knowledge, one may not select the right covariates to explain the variance of sequences, or set 

the right cutoff points to convert the covariates to binary variables, which has an impact on the 

final typology and the interpretation of the cluster patterns. Whereas in multinomial logistic 

regression model, the exploration of the association between the covariates and the clusters is 

done after cluster analysis. This approach is perhaps more pragmatic during the early stage of 

research, to obtain preliminary empirical knowledge. This approach was used in this PhD study.  

4.4.5 Dealing with missing data 

In most situations, SA uses longitudinal data in the analysis. Dropouts and missing data are 

common problems in longitudinal data. It is possible to specify a “missing data” state in the 

sequences, as Vogt et al. (2018) did in their study, and use a full dataset in the analysis so that 

more participants could be included, rather than only using a subset with complete data only. In a 

simulation study with different levels of missing values, Dlouhy and Biemann (2015) concluded 

that OM could perform well even with up to 30% of elements missing in the sequences. More 

missing data would increase the misclassification rate, i.e. sequences could be mistakenly 

classified in a wrong cluster. Discarding sequences with missing data completely would be a waste 

of data, and probably would lead other researchers to question the reliability and generalisability 
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of the conclusions. Moreno-Black et al. (2016) used a complete dataset only including 22.4% of 

the original subjects (414 in the analysis out of 1,847 recruited at baseline). A similar issue was in 

the study by Whillans et al. (2016), where the authors only included participants who responded 

to the first five waves of ELSA (complete dataset). The authors could have tried to do the analysis 

using a full dataset, and additional sensitivity analysis with complete data only, and compare the 

findings between the two sets of analysis. Alternatively, the authors could also compare the 

demographic characteristics between participants with complete data and missing data, and 

evaluate whether it was appropriate to use complete data only in analysis, whether there was any 

potential selection bias, whether the group with complete data had more favourable outcome 

than those with missing data, as this issue was relevant to the representativeness of the study 

population and the generalisability of the study conclusion. The readers may find such an 

analytical approach more informative.  

Certainly, other statistical methods may be more able to cope with missing data than SA, but they 

are probably not able to present the sequential patterns. The authors should explain the possible 

reasons for missing data wherever possible, assess the impact of missing data (e.g. whether the 

missing data were in a considerable amount to compromise the whole sequence or not), make a 

sensible decision on what statistical method is appropriate to answer the RQs in a particular 

study, and discuss the implications of missing data to the study findings. 

4.4.6 A final brief note 

Two studies (Yeatman and Trinitapoli, 2017, Rao et al., 2018b) used SA only as a descriptive tool 

to present sequences at the individual level by sequence index plot. Therefore, dissimilarity 

measures, cost setting, and clustering techniques were not relevant in those two studies. 

4.4.7 Strengths and limitations of this review 

This review followed the guidelines and the best practice to conduct and report a systematic 

scoping review. Scoping review is useful when a body of literature has not been comprehensively 

reviewed, or the studies in a particular field exhibits a complex or heterogeneous nature not 

amenable to a more precise systematic review of the evidence (Peters et al., 2015). The focus on 

the methodological issues related to SA and the analysis of the added value of using SA in each 

included study are the unique strengths of this review. The great variety of the included studies 

posed a great challenge to adopt a critical appraisal tool applicable to each study. Despite this, 

efforts were made to choose appropriate, recognised, and widely accepted tools and modify the 

items to appraise the quality of each study in this review. Some may criticise the customised items 
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for critical appraisal and the appropriateness of combing items from the two tools, and argued 

that this process was liberal, without going through the whole process of pretesting and 

establishing item validity, usefulness, reliability before using it. This could be a limitation, but 

developing a critical appraisal tool to assess the quality of studies using SA was not in the scope 

nor the purpose of this review. This research gap could be an opportunity for future studies to 

address. However, there were precedents of creating a customised checklist based on the 

developed tools in the field of early diagnosis research. For example, being unable to find a 

suitable tool to assess the quality of cohort studies, Forrest et al. (2017) produced their bias 

assessment checklist by adapting a previously validated tool. They claimed their customised tool 

was unique and highly specific to detect bias in the type of studies included in their systematic 

review and meta-analysis. Grey literature was not included, which was another limitation of this 

review. 
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Table 4.2 – Summary of study characteristics and how SA was used in each study 

No 
Study and 
reference 

How SA was used, 
research context and aim of 
the study (country of origin) 

How patients were selected 
and sample size 

States in the sequence Interval 
Distance 
measure 

Cost setting 

1 
Wuerker 
(1996)  

To describe the patterns of 
service use over time by a 
group of homeless with 
chronic mental illness (US) 

49 subjects, each had 25 or 
more admissions to any of the 
Los Angeles County Department 
of Mental Health Services 
before 1 July 1993 

Six service settings: inpatient, 
outpatient, emergency, jail, day 
treatment, residential, and 
others 

The interval 
between two 
admissions was 
not represented 
in the sequence. 

OM Not mentioned 

2 
Hougham 
et al. 
(2014) 

To describe the variation in 
the sequences – the order of 
stability in 7 clinical 
indicators among patients 
hospitalised with 
community-acquired 
pneumonia, and to assess 
the associations between 
the patterns of stabilisation 
and patient-level outcomes 
(US) 

1,461 patients age 18+ years 
hospitalised due to community-
acquired pneumonia from 2000 
to 2003 across five academic 
medical centres in the US; 
Seven clinical indicators: blood 
pressure, return to baseline 
mental status, ability to feed by 
oral intake, respiratory rate, 
temperature, heart rate, and 
blood oxygen saturation 

Ten states in total: the 
rank/order of stability in clinical 
indicators (from 1 to 7) during 
the hospital stay, 0 if stable at 
admission, 8 - indicators not 
stabilised at discharge and alive, 
and 9 - dead 

The order of the 
stability among 
seven clinical 
indicators, 
sequence length 
= 7 

OM Not reported 

3 

An der 
Heiden 
and 
Hafner 
(2015) 

To explore the long-term 
clinical course 
(psychopathological 
status/syndromes) of 
schizophrenia (Germany) 

107 patients participating in the 
Age-Beginning-Course (ABC) 
Schizophrenia Study (launched 
in 1987)  

Seven psychopathological states 
of schizophrenia: 
inconspicuous, unspecific, 
depressive, negative, positive, 
negative + depressive, positive + 
negative + depressive 

Month, 134 
months in total 

OM 

Indel cost=1, 
substitution=2, also 
with a self-defined 
substitution cost 
matrix, ranged 
from 1 to 6 
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4 
Darak et 
al. (2015) 

To investigate the 
reproductive trajectories and 
the awareness of HIV 
infected status among Indian 
women (the lead author was 
based in the Netherlands) 

Retrospective data of 622 ever 
married HIV infected women 
aged 15-45 attending an HIV 
clinic in Pune, Maharashtra, 
Western India, were collected 
through interviews.  

15 states, the states were 
combined with three 
dimensions (marital 
status, awareness of HIV 
status, and childbearing) 

Year, the life 
course from 10 to 
40 years in the 
participated 
women’s lives 

OM Not mentioned 

5 
Le Meur 
et al. 
(2015) 

To mine care trajectories and 
assess the disparities in 
prenatal care consumption 
(France) 

2,518 women who gave birth 
without complications in 2009, 
using data from electronic 
health databases 

Three levels of care 
consumption: absence, 
intermediate, and high 

Month, nine 
gestational 
months in total 

OM 

Not mention indel 
cost, substitution cost 
matrix used transition 
rates between states 

6 
Moreno-
Black et 
al. (2016) 

To explore the changes in 
obesity status (BMI 
transformed into four 
categories) in elementary 
school children (grades K-5, 
US) 

Data were collected annually 
from kindergarten and first-
grade students participating in 
the Community and Schools 
Together (CAST) project 
(n=414). 

Four BMI categories: 
normal, overweight, 
underweight, and obese 

Year, data were 
collected for five 
years from 2008 
to 2013 

OM 

Not explicitly stated, 
but a table of 
transition probabilities 
was provided 

7 
Whillans 
et al. 
(2016) 

To identify typical 
trajectories of self-reported 
vision, and factors associated 
with different vision 
trajectories among older 
people (UK)  

2,956 respondents, aged 60+ 
years at wave 1 of the English 
Longitudinal Study of Ageing 
(ELSA) 

Four vision categories: 
poor vision or blindness, 
fair vision, good vision, 
excellent or very good 
vision 

By waves (5 
waves of data 
across eight 
years) 

DHD 

No indel cost, time-
varying substitution 
costs inversely 
proportional to the 
observed transition 
frequencies 

Abbreviations: DHD – dynamic hamming distance; LCS – longest common subsequence; N.A. – not applicable; OM – optimal matching 
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No 
Study and 
reference 

How SA was used, 
research context and aim of the 
study (country of origin) 

How patients were selected 
and sample size 

States in the sequence Interval 
Distance 
measure 

Cost setting 

8 

Yeatman 
and 
Trinitapoli 
(2017) 

To depict the perceived and the 
ideal order of prioritisation to 
receive antiretroviral therapy (ART) 
among different populations in 
Malawi (Lead author was based in 
the US). 

Young women (n=1,440) and 
their partners (n=574) in 
southern Malawi 

Six types of populations: sick 
man, healthy-looking man, 
sick non-pregnant woman, 
healthy-looking non-
pregnant woman, sick 
pregnant woman, and 
healthy-looking pregnant 
woman 

N.A. N.A. N.A. 

9 
Rao et al. 
(2018b) 

1. State sequence analysis was 
used to characterise healthcare 
visits (health services use) among 
different subgroups of heart failure 
patients.  
2. Event sequence analysis was 
used to identify common distinct 
causes of emergency readmissions 
(sub-sequences) for each patient 
subgroup (UK). 

Patients with a primary 
diagnosis of heart failure 
during 2008-2009 were 
identified and followed up for 
five years (n=9,466) 
 
CPRD linked to HES and ONS 
(UK) 

Six states of healthcare 
visits: no visit, elective GP 
visit, elective hospital 
admission, emergency GP 
visit, emergency hospital 
admission, and death 

Year (5 years in 
total) 

N.A. N.A. 
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10 
Vogt 
et al. 
(2018) 

To explore whether 
sequence clustering 
techniques can be used to 
identify typical treatment 
sequences in ambulatory 
care for heart failure 
patients (Germany) 

Anonymised regional statutory 
health insurance claims 
data from 2009 to 2011, 
among patients with an 
incident diagnosis of heart 
failure (n = 1,577) 

Three separate sequences: 
Procedure sequences 
(electrocardiogram, 
echocardiography, lab test, 
missing); 
Speciality sequences (GP, 
internist, cardiologist, missing); 
Medication sequences (ACE 
hemmer, angiotensin receptor 
blockers, beta-blockers, missing) 

Two years (8 
quarters), as 
health insurance 
payment was 
billed by quarters 
in Germany. 

 LCS N.A. 

11 
Lim et 
al. 
(2018) 

To assess the association 
between supportive housing 
tenancy program and the 
Medicaid savings in the New 
York City (US) 

New York City housing 
program applicants (long-time 
homelessness), with serious 
mental illness (N=2,827; 737 
placed, 2,090 not placed) 

Monthly Medicaid cost (health 
expenditure): 0. no Medicaid 
coverage; 1. $0; 2. $1-$292; 3. 
$293-$690; 4. $691-$1,379; 5. 
$1,380-$2,898; 6. ≥$2,899 

2-year pre-
housing period, 
by month (24 
months in total) 

OM 

Substitution costs 
were estimated 
based on transition 
probabilities. 

12 
Roux 
et al. 
(2018) 

To investigate the care 
pathway among patients 
with multiple sclerosis 
(France) 

Multiple sclerosis patients 
were identified from a French 
health insurance database 
(n=1,000). 

6 levels of care consumption: 0 
(no consumption at all), (0-Q1], 
(Q1-Q2], (Q2-Q3], >Q3, and 
missing, where Q represented 
annual quartiles. 

Year (7 years in 
total, from 2007 
to 2013) 

OM 

Substitution costs 
were estimated 
empirically using 
the observed 
transition rates. 

13 

Le 
Meur 
et al. 
(2019) 

To study the care 
trajectories of patients with 
end-stage renal disease, and 
identify homogeneous care 
trajectories at group level 
explained by different 
covariates (France) 

5,568 incident patients aged 
18-80 years old (2006-2009), 
using data from the French 
Renal Epidemiology and 
Information Network registry 

Six renal replacement therapy 
modalities: in-centre 
haemodialysis, medical unit, 
autonomous haemodialysis, 
peritoneal dialysis, death, and 
transplantation. 

Month (48 
months in total), 
the timeline was 
reconstructed, as 
patients had 
different start 
points of dialysis 

 LCS N.A. 
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continued (part 2) 

No. 
Study and 
reference 

Clustering and the 
decision on the 
number of clusters 

Strengths and limitations of using the SA in this study Other methodological issues and comments 

1 
Wuerker 
(1996)  

Based on peaks in 
the cubic clustering 
criterion, pseudo F, 
and pseudo t2 of 
cluster analysis in 
SAS 

This was a very early attempt of using SA in health services research. 
However, this study had a relatively small sample size (n=49) and may have a 
potential selection bias, as the author chose subjects who had at least 25 
admissions and picked the first 25 episodes of care. Eight clusters were 
identified, with only a few sequences in each cluster. The authors 
acknowledged that the sample was not representative.  

Due to the availability of the software and 
package, the presentation of sequences was 
not as attractive as it is nowadays. Despite 
this, the authors communicated the 
sequences clearly. 

2 
Hougham 
et al. 
(2014) 

Ward’s clustering 
method 

Strengths: eight clusters of the order of stabilisation among clinical 
indicators were identified for patients admitted to the hospital with 
community-acquired pneumonia. The authors compared the patient 
characteristics among eight clusters, also explored the associations between 
the eight clusters and the three important clinical outcomes (30-day 
mortality, length of stay, and hospitalisation costs), which had implications 
for patient care and management, health services and cost. 
Limitations: the stability of clinical indicators was dynamic. Some indicators 
could be stabilised simultaneously. The authors assigned them at the same 
rank. Alternatively, the authors could have given them different ranks based 
on the importance of indicators relative to survival/mortality. It was possible 
that some stable indicators may subsequently destabilise. The authors did 
not account for this possibility and reflect it in the sequences. 

Parametric and non-parametric statistical 
tests were used to compare patient 
characteristics among five different medical 
centres and eight clusters of stability in clinical 
indicators.  
 
Generalised linear regression was used to 
investigate the associations between eight 
clusters and the 30-day mortality, length of 
stay, and hospitalisation costs. 
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3 

An der 
Heiden 
and 
Hafner 
(2015) 

Agglomerative 
hierarchical 
clustering 
(Ward’s) 

The data in this study were collected from a clinical setting, specifically 
designed for schizophrenia, with a relatively long follow-up period (134 
months, 11+ years) 
The authors used a customised substitution cost matrix, representing the 
severity of psychopathological symptoms. Although the author made a 
footnote saying that it yielded an almost identical cluster pattern as the 
traditional cost setting (indel cost=1, substitution cost=2), it was not clear 
whether only substitution was used, or together with indel in the 
customised cost matrix.  

Further comment: if the substitution cost was 
greater than two times of the indel cost, it 
would not be used in OM, as it is not efficient in 
computation. Indel operations would be used 
instead. 

4 
Darak et 
al. (2015) 

Not clearly 
described, but 
mentioned using 
dendrogram to 
examine the 
clustering of 
sequences 

The states were a combination of three dimensions (applying prior 
knowledge of the research context). In such a way, it was possible to use 
traditional sequence analysis (rather than multi-channel sequence 
analysis).  
The authors also used medoid sequences to represent at least 25% of 
sequences in each cluster. Typical trajectories were described.  

Multinomial logistic regression was used to 
identify significant demographic variables (age 
at marriage, women's education, urban/rural 
residence, and year of HIV diagnosis) belonging 
to the identified clusters (one cluster was used 
as reference) 

5 
Le Meur 
et al. 
(2015) 

Agglomerative 
hierarchical 
clustering (Ward’s 
method) 

The trajectories of care consumption among pregnant women could have 
been more informative by classifying the states in more detail. There were 
only three states in this study.  
 
Traditional descriptive statistics (frequency table) may achieve the same 
study objectives, which would be a much easier approach, without going 
through all the complicated statistical analysis (SA and cluster analysis). 

Logistic regression was used to analyse the 
association between the variables of interest 
and the identified clusters in both univariable 
and multivariable analyses. However, the 
authors ran logistic regression three times by 
comparing each cluster against the other two 
(e.g. Cluster 1 VS Clusters 2&3). It would be 
more appropriate to use multinomial logistic 
regression. 
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No. 
Study and 
reference 

Clustering and 
the decision on 
the number of 
clusters 

Strengths and limitations of using the SA in this study Other methodological issues and comments 

6 
Moreno-
Black et 
al. (2016) 

Agglomerative 
hierarchical 
clustering (Ward 
criterion) 

Due to the dropout at each wave, the authors only included 414 students with 
complete data from all five waves, while there were 1847 subjects at baseline 
(only 22.4% of all subjects were included in SA).  
Regression tree was used to split binary nodes. Two covariates, 
socioeconomic status (using subsidised meal as a proxy) and ethnicity 
(Hispanic VS white and others), were significant predictors at the significance 
level of 0.01, accounting for the greatest discrepancy among sequences. 

Although it was an interesting attempt to use 
SA and regression tree in this study, another 
possible analytical approach was to take BMI 
as a continuous outcome and use multilevel 
modelling or latent growth model, which may 
be more able to cope with missing data and 
repeated measures than SA.  

7 
Whillans 
et al. 
(2016) 

Agglomerative 
hierarchical 
clustering (Ward's 
method) 

SA was used to identify eight clusters of vision trajectories among older 
people (aged over 60) from ELSA, which helped authors to understand how 
vision changed in this population over time. Based on this, the authors were 
able to predict vision trajectories by social position and age groups. Sequence 
frequency plot was used to present the most frequent sequences (as 
representative sequences) in each cluster. The authors only included 
participants with complete information on the first five waves of the study. 
The sample size was further reduced by the age limit.  

Multinomial logistic regression was used to 
examine the sociodemographic characteristics 
associated with different trajectories. 

8 

Yeatman 
and 
Trinitapoli 
(2017) 

N.A. 

Sequences in this study were the order of priority to receive antiretroviral 
therapy among different sub-populations from participants’ perception. There 
was no interval and group classification (cluster analysis). SA was used as a 
descriptive tool. It was an interesting attempt of using SA to explore how 
participants perceived health policy. 

 No further comment for this study 
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9 
Rao et al. 
(2018b) 

N.A. 

1. State sequence analysis was used as a descriptive tool to delineate the 
nature of healthcare visits among different subgroups of patients with 
heart failure during follow-up. It could argue that some states overlapped 
with the outcome (readmission rate) of the group-based trajectory 
modelling (presenting similar information in different ways). 2. Common 
symptoms/signs of two consecutive emergency admissions were identified 
by event sequence analysis for each group. It was useful knowledge for 
clinicians to act proactively and avoid such incidents. However, the 
limitation of event sequence analysis was that we could not know when 
these events happened, whether it was one month or close to five years 
during the observation period. 

State sequence analysis was not used to 
identify trajectories. Instead, group-based 
trajectory modelling based on zero-inflated 
Poisson analysis was used to classify patients 
into five groups and to predict the 
development of their trajectories. The 
outcome was readmission rate.However, 
sequence analysis could be used as an 
alternative method for trajectory 
classification. It would be interesting to 
compare the group memberships of the 
patients between the two methods.  

10 
Vogt et al. 
(2018) 

k-medoids 
clustering 

The authors constructed three sequences – speciality, procedure, and 
medication sequences for each patient with incident heart failure, which 
was informative from the perspective of health services use. However, the 
authors did not synthesise the information together from three individual 
sequences. They could have tried multichannel sequence analysis to run 
three channels together, rather than doing it separately. Alternatively, 
they could have tabulated the cluster patterns from the three dimensions.  

Patient characteristics were compared 
among clusters using traditional statistical 
tests (e.g. ANOVA, χ2 test, and others) 
Logistic regression was used to explore the 
association between cluster membership and 
hospitalisation, adjusting for age, sex, and 
the Charlson comorbidity index. 

11 
Lim et al. 
(2018)  

Hierarchical 
cluster analysis 
(Ward method) 

The authors used SA to identify six distinct patterns of Medicaid users 
(from very low coverage to high users) by month for two years. The 
authors also broke down the Medicaid expenditure by service categories 
(e.g. outpatient, inpatient, emergency, prescription, others) and compared 
across clusters, which allowed readers to understand how health 
expenditure was spent on different health services. 

Propensity score matching was used to 
minimise the baseline differences between 
the placed (applicants into the housing 
programme) and the unplaced group. 
Traditional statistical tests were used to 
compare the characteristics of subjects in 
different clusters of Medicaid expenditure. 
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No. 
Study and 
reference 

Clustering and the 
decision on the 
number of clusters 

Strengths and limitations of using the SA in this study Other methodological issues and comments 

12 
Roux et 
al. (2018) 

Agglomerative 
hierarchical 
clustering analysis 
with Ward’s 
criterion on the 
dissimilarity matrix 

The authors illustrated the whole process of SA and discussed relevant 
methodological aspects of SA. The authors’ purpose to conduct this study 
was achieved. However, the authors did not clearly explain how different 
care consumption pathways could be used to improve the services of 
multiple sclerosis.  

General statistical tests (Pearson’s chi-square 
test, Fisher’s exact test, and Kruskal-Wallis) 
were used to identify significant 
characteristics among patients in different 
clusters. 

13 
Le Meur 
et al. 
(2019) 

Regression tree 
(discrepancy 
analysis) was used 
to split the nodes 
and identify the 
key determinants 
for clusters 

Regression tree was able to estimate the association and interaction of 
multiple factors with the sequences of renal replacement therapy 
modality. However, only 12% of the variation of the care trajectories could 
be explained by regression tree. The limitation of regression tree was that 
the split at each step was binary. It may be challenging to determine the 
right cutoff point for continuous variables (e.g. age) and excessive use of 
the same variable (e.g. age) with different cutoff points at different levels 
of clusters.  

The authors argued that the commonly used 
OM algorithm was less justified in their 
research context since short time deletion or 
substitution transformations had less 
meaning. 
An alternative analytical approach for 
regression tree was to use multi-nominal 
logistic regression after identifying the 
typology by cluster analysis. 
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4.5 Conclusion of the review and the relevance to this PhD study 

4.5.1 Conclusion: the current application of SA in health services research 

This systematic scoping review was conducted to inform the analysis of the main study. This 

review identified a range of applications of SA in applied health research, such as health services 

and care settings, medications and therapies, the level, frequency, and expenditure of care 

consumption. Some studies used SA only for descriptive purposes, which could have been done 

through less complicated statistical methods such as using a frequency table. Other studies used 

SA to generate new knowledge, or facilitated the understanding of a research problem, which 

could not have been obtained from other commonly used statistical methods. The added values 

of using SA in the included studies and the relevant methodological issues have been 

summarised and discussed in subsections 4.3.3 and section 4.4. Generally, the unique strength 

of SA is its ability to identify meaningful patterns of sequential changes over time, and present 

such patterns in different forms of figures to facilitate the understanding of complex 

information within sequences and cluster patterns. A common limitation of the included studies 

in this review was that very few studies clearly reported how the key methodological decisions 

were made. The authors were more focused on using SA to obtain empirical results. The reporting 

of using SA still needs strengthening. A guideline for clear reporting of the technical details related 

to the analytical process and a critical appraisal tool to assess the quality of studies using SA 

would be helpful for both authors and readers. These research gaps could be the research 

directions for future studies. 

4.5.2 Research gaps and the opportunity for this PhD study 

SA has not been used to study complex primary care sequences involving events between 

patients and GPs yet, nor the pathway to the cancer diagnosis. There is no precedent knowledge 

on how to distinguish whether the health records are patient events or care provider events. Such 

distinction is particularly important in constructing primary care sequences to improve early 

diagnosis, because it may help us to know whether there is any missed opportunity for earlier 

diagnosis and identify the sources of the problem – whether it is due to the help-seeking 

behaviour of patients (e.g. late presentation), or because of the vague symptoms (despite 

patients present symptoms multiple times), or the main problem is from GP (e.g. not recognise 

the symptoms or inappropriate management). After identifying the problem, we can then make 

more specific recommendations to improve the current situation. In addition, sequences had the 

same length in the studies of this review. But patients have different care needs and the number 
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of visits to general practice may vary significantly among patients, even in different periods of the 

same patient. All these uncharted territories are the research gaps, which provide an opportunity 

for this PhD study to explore, but also pose a considerable challenge, as it is less known about 

how to specify the states that could best represent the health sequences involving patient-

initiated and GP events and to make sense of the sequential patterns. It is challenging to 

summarise and simplify a wide range of complex primary care events over a relatively long period 

and categorise all the events into a handful of mutually exclusive states that are meaningful to 

clinical practice. Therefore, to get meaningful patterns in typology, this PhD study explores the 

key methodological issues around the research questions step by step, to find the best way to 

make sense of the patterns from primary care sequences. The purpose of methodological 

exploration is to lead to meaningful empirical findings. 

4.5.3 How the findings of this review can be used to inform the decision and application of 

SA in this PhD study 

From the results of this review, OM with indel cost set as 1 and substitution cost set as 

proportional to the transition rates among states (OM[1, TR]), and agglomerative hierarchical 

clustering (Ward’s method) were commonly used in empirical health studies. Among the 13 

studies, none used multichannel sequence analysis. Although there was a study that correlated 

channels were analysed separately, no attempt was made to integrate the findings from different 

channels. Subsection 3.3.5 discussed some criteria to decide the optimal number of clusters, 

which were consistent with the three criteria used by Hougham et al. (2014). The criteria included 

cluster quality assessed by the ASW value, discrimination between the clusters of sequences and 

patients, interpretability of cluster patterns, and reasonable sample size of sequences in each 

cluster. These criteria were tested in the NAEDI study. 

The next chapter will introduce the data source for the main study, followed by a statistical 

analysis plan. The data quality is also discussed.  
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Chapter 5 Data source and methodology  

5.1 Introduction of the original study and research ethics  

Smoking is a known risk factor for many chronic cardiorespiratory diseases and LC. It increases the 

risk of developing LC (relative risk=9.3, 95% CI [8.3-10.4])(Blakely et al., 2013) and in a dose-

response relationship (Jemal et al., 2008). Current or ex-smokers aged 40 years and above, living 

in deprived areas (the bottom quintile of IMD), with severe lung comorbidity like COPD, are at 

increased risk of developing LC, and more likely to delay symptomatic presentation. This is the 

target population for early diagnosis, but less investigated than populations diagnosed with LC. A 

study titled “Symptom prevalence and help-seeking amongst patients at risk of lung cancer”, 

funded by the UK National Awareness and Early Diagnosis Initiative (NAEDI) programme (grant 

number C3801/A14137) was designed to fill this research gap. Two papers were published using 

the data collected for this study. One was a mixed-method study to understand patients’ help-

seeking behaviours in primary care in response to symptoms (Wagland et al., 2016). The other 

was a qualitative study, exploring GP’s views regarding the potential for early diagnosis of LC in 

primary care (Wagland et al., 2017). This PhD study uses the NAEDI study data, with a new 

perspective to analyse patients’ health records to explore the patterns of primary care sequences.  

5.1.1 Ethical approval for this study  

The data used for the main study in this thesis, including methodological exploration (Chapter 6) 

and empirical analysis (Chapter 7), were previously collected by a research team based in the 

School of Health Sciences, University of Southampton. This study was governed by the NHS ethics 

agreement and protocol, with additional sponsor (University of Southampton) approval for the 

inclusion of the analyses using unlinked anonymised primary care data for a PhD thesis (REC: 

12/SC/0049; RGO REF: 8388). Participating GP practices and patients were anonymised using 

pseudo-anonymised practice/participant identifiers (e.g. 01/001, 09/068) to protect participants’ 

anonymity and privacy.  

5.1.2 Original and independent work by using the NAEDI data for this thesis  

The original study team developed early drafts of the coding framework for the primary care 

events. I was granted access to the manually transcribed records on paper. I reviewed all the 

transcribed notes and made additional revisions and corrections of the codes and the categories 

to better suit the purpose of this study. I came up with the analysis plan, conducted all the 
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primary analyses reported in this thesis, and interpreted the results. Although it is a secondary 

use of the data source, the work presented in this thesis remains original and by myself. None 

of the contents in this thesis has been previously published. 

5.2 Available data and variables  

5.2.1 Participants, observation period, and timeline 

The eligibility, inclusion and exclusion criteria of participants were reported in a previous 

publication (Wagland et al., 2016). Individuals who were older than 50 years and had a smoking 

history (either current smokers or quit smoking within the previous ten years) were considered at 

high risk of developing LC. These patients registered in eight general practices across three 

counties in south England were invited to participate in the NAEDI study. They received a letter 

from their respective general practice and a participant information sheet. They were invited to 

complete the IPCARD (Identifying Symptom Predictors of Chest and Respiratory Disease) 

questionnaire and post it back to the research team. The research team also asked for individual 

patient’s consent to review their primary care records. For those who consented (n=912), the 

research team reviewed the records of each consultation in GP notes (not EHRs) from respective 

general practice, dated back from two years on the date patients gave consent. The observation 

period was mainly between June 2010 and October 2012 (29 months in total). Among 912 

patients, 13 patients (1.4%) were excluded due to unknown/uncertain smoking history in patient 

characteristics.  

5.2.2 Primary care events 

During the observation period, each time the patient visited the general practice, the date of visit, 

the reason(s) why the patient visited, and the outcome(s) of visit (HCP actions) were manually 

transcribed from GP notes in free text (not Read codes) in standardised data extraction forms. In 

addition, the mode of consultation (face-to-face or through telephone) and the staff who 

provided the services (GP or practice nurse) were included. Generally, practice nurses were more 

in a capacity of managing minor health issues (e.g. measure blood pressure, drawing blood for 

tests, administering flu vaccine, wound dressing, syringe ear wax). Thus, the HCP actions were 

mainly GP actions, while nurses may be involved in some minor clinical work. 

After data cleaning, a total number of 8,896 episodes of primary care consultations were included 

for SA. A small number of patients (n=41) with a smoking history but did not have any visits during 

the observation period. It was not possible to conduct SA in patients without health records, but 
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they could form one cluster (no use of primary care services). The sociodemographic 

characteristics of this group of patients could be compared with other groups of patients in the 

empirical analysis. 

5.2.3 Coding framework for the primary care events 

After several rounds of iterations and with contextual inputs from the supervisory team and 

clinical input from a chest physician, the reasons and outcomes of each primary care visit were 

thematically grouped into different categories, presented in Table 5.1 and Table 5.2, respectively. 

For each consultation, it could be more than one reason and/or outcome coded either in the 

patient or GP part. For example, the patient could present with a symptom (e.g. cough) and a 

long-term health condition (e.g. COPD, two codes); the GP reviewed the treatment plan, 

prescribed new medication, and ordered tests (three codes). Similarly, it was possible that only 

the patient or the GP part, i.e. either the reason or the outcome of the visit, was recorded. For 

example, a patient went for a regular health check (monitoring chronic disease), or a practice 

nurse administered a flu vaccine to the patient. The clinical situations were very complex and 

heterogeneous. The complexity significantly increases if investigate care sequences in a large 

population for a long period (e.g. several years). 

Table 5.1 – Patients’ reasons for primary care consultations 

Codes Categories (Patient) Examples 

1 Chest symptoms indicative of LC 3 Cough, chest pain, breathing changes, chest 

infections, haemoptysis 

2 Indicative systemic symptoms Weight loss, voice changes, sweats, fatigue 

3 Monitoring/review (smoking-

related) chronic 

cardiorespiratory comorbidities  

Chronic obstructive pulmonary disease (COPD), 

ischemic heart disease (IHD), asthma, atrial fibrillation 

(AF), hypertension 

4 Monitor/review non-respiratory 

chronic illnesses   

Diabetes, hypothyroidism, chronic kidney disease 

(CKD), transient ischaemic attack (TIA), cerebral 

                                                           

3 Some patients presented symptoms indicative of LC, but none received a diagnosis of LC during the 
observation period in this PhD study. Three participants were diagnosed with LC/mesothelioma, within a 
range of 4 weeks to 11 months after completing the questionnaire (Wagland et al., 2016). 
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vascular accident (CVA), Crohn’s disease, prostate 

cancer 

5 Acute problems of chronic 

respiratory conditions  

COPD exacerbation 

6 Acute problems of non-

respiratory chronic conditions  

Rheumatoid arthritis, colitis, sciatica 

7 Other alarming symptoms 

potentially indicative of serious 

problems 

 Epigastric/abdominal pain later found to be 

ovarian cysts/peptic ulcer 

 Palpitations/fainting  

 Dysphagia/vomiting 

 Rectal bleeding/altered bowel habit/constipation 

8 Other health problems 

commonly seen in general 

practice 

 Bunions/perianal itching/thrush/minor injuries/ 

dog bites/insect stings/bursitis 

 Skin problems: warts/skin tags/ulcers/abscesses/ 

rash/varicose veins 

 Musculoskeletal pain: lower back/leg/knee/ankle 

 Ear/eye problems 

 Menopause problems/cystitis 

 Mild side effects of prescribed medications 

9 Health checks, health 

information, and advice  

 NHS health checks/operation (surgery) follow-up 

 Cervical smear test 

 Foreign travel advice 

10 Mental health issues  Anxiety/depression/psychological distress 

 Bipolar affective disorder/schizophrenia 
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 Panic attacks/stress at home or work  

 Alcoholism/drug abuse 

11 Social/caring problems/help with 

benefits 

Discuss problems in general (usually social or financial 

problems – often linked to alcoholism/drugs and 

mental health issues) 

12 Others  Fear of flying – request diazepam 

 Requesting a medical certificate/sick note 

Table 5.2 – HCP actions (the outcomes of consultation) 

Codes Categories (HCP actions) Examples/explanations 

1  Watch & wait/pro re nata (PRN) 

review/continue current treatment 

No definitive treatment was provided. Patients 

were often given advice and asked to return if 

the problems persisted/worsened, or other 

related symptoms occurred 

2  General advice This was sometimes given in combination with 

PRN R/V (above), i.e. to take fluids when having 

viral infections, stretches for back pain, sleep 

hygiene for insomnia, exercise, weight control 

3 A Prescribed antibiotics  

B Prescribed other medications Steroids, analgesia 

C Prescribed antibiotics and other 

medications 

 

4  Review medications and no change Medications were often reviewed when new 

problems arose, but not always clear whether 

changes have taken place from the transcribed 

notes. 
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5  Review medication and change If patients were prescribed medications, then 

another code of 3A/B/C was recorded.  

6 A Request full blood count (FBC)   

B Requested chest X-ray (CXR)  

C Requested spirometry  

D Requested FBC & CXR +/- sputum  

E Request FBC & CXR & acute cardiac/ 

respiratory referral (2WW) 

 

F Referral to cardiac/respiratory 

consultant 

Chest pain may be due to angina, then the 

patient was usually referred to a cardiologist. 

7  Request test – others X-rays for patients with back/shoulder/limb 

problems, blood tests, urine tests, ECGs, INR 

(International Normalised Ratio) monitoring 

8  Acute non-cardiac/respiratory 

referral (2WW) 

e.g. colorectal consultants for altered bowel 

habit 

9  Routine referral to secondary care or 

community services  

ENT/ophthalmology/audiology/physiotherapy 

/orthopaedics/podiatry 

10  Problem resolved/identified and 

treated 

 

11  Immediate referral to MAU/A&E   

12  Smoking cessation service  

13  Minor interventions or vaccinations  Cryotherapy/vitamin 12 injections/minor 

surgery/syringe ear wax/wound dressings 

 Flu vaccine 
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5.2.4 Available information and variables for patient characteristics 

The following patient sociodemographic characteristics were collected, including date of birth, 

sex, ethnicity, marital status, the highest qualification earned, employment status, and the English 

index of multiple deprivation (IMD, 2007 version) based on participant’s postcode of residence, as 

a proxy of individual SES. Participant’s age was calculated as the consent date subtracted from the 

date of birth and then divided by 365.25. The IMD quintile was equally divided by the rank of 

Lower-Layer Super Output Areas (LSOA, 32,482 LSOAs in IMD 2007), from the most deprived 

quintile (Q1) to the least deprived (Q5). Smoking behaviour is usually characterised by several 

variables in research, including current smoking status (current or ex-smokers), smoking intensity 

per day and pack-years, start age of smoking, cumulative smoking duration, and the time since 

quitting smoking for former smokers (Huang et al., 2015). This study collected participant-

reported data on these variables to understand their smoking status, intensity, and lifetime 

exposure. 

Comorbidities were collected from the GP notes, and categorised as no comorbidity, 1, 2, and ≥3 

comorbidities by the original team. The researchers reviewed patients’ comorbidities for a period 

longer than the observation period. Therefore, even for those who did not attend general practice 

(n=41), the comorbidity burden among some of them was still available. I extracted four common 

cardiorespiratory comorbidities (either relevant to LC or smoking-related chronic diseases) from a 

string variable. These four comorbidities were COPD, asthma, hypertension (recorded as HBP – 

high blood pressure), and a series of heart diseases, recorded as multiple abbreviations across 

practices, including CVD (cardiovascular disease), IHD (ischaemic heart disease), CHD (coronary 

heart disease), AF (atrial fibrillation), and MI (myocardial infarction) in free text. These four 

variables were operationalised as binary variables, i.e. whether the patients were diagnosed with 

respective diseases or not.  

5.3 Statistical analysis plan and methods 

There were two phases in this study. The first phase was methodological exploration, in Chapter 

6. SA and cluster analysis were used to classify primary care sequences into different groups. 

Ward’s method is sensitive to outliers. Therefore, it is necessary to identify outlier sequences first 

(if any). A quick run of SA and cluster analysis could get the preliminary dendrogram to know 

whether there are any outlier sequences or not. The distances between the outliers and other 

sequences are larger, which could be easily spotted from the dendrogram. After excluding the 

outlier sequences, SA and cluster analysis are run again to explore and compare the solutions with 

different numbers of clusters. The final typology should make sense in the empirical context.  
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The second phase is a series of planned empirical statistical analyses. The first analysis was to 

characterise and compare the patient profile in different clusters, and to understand how patient 

characteristics can help explain the variations in the cluster patterns of primary care sequences. 

The second analysis was to investigate the variables significantly associated with patient’s primary 

care attendance and the number of consultations relevant to potential LC symptoms (help-

seeking behaviours). The third analysis was to explore whether there was a practice effect on 

patients’ use of primary care services and the cluster patterns. Methods involved in the two 

phases are introduced below.  

5.3.1 Patient characteristics and pairwise correlation between variables 

Descriptive statistics were conducted to understand the patient characteristics of the study 

sample. After that, the relationship among variables was explored, as understanding the 

association among variables could help choose the right variables in the regression models to 

increase model fit and minimise collinearity. These two parts will be reported in subsections 7.2.1 

and 7.2.2. In the literature review (subsection 2.5.6.1), it was established that education and 

employment would influence patient’s SES (IMD quintile), which could affect patient’s lifestyle 

(e.g. smoking), health status (e.g. the number of comorbidities), and help-seeking behaviours (e.g. 

the number of primary care visits). The years of smoking may associate with age. Older people 

may have more comorbidities and care needs. Age, the years of smoking, and the total number of 

visits were continuous variables, while IMD quintile, qualification, and the number of 

comorbidities were ordinal variables. Pearson correlation was used to explore the pairwise 

correlation between continuous variables. Spearman correlation (Spearman, 1904) was used 

between continuous and ordinal variables, and two ordinal variables.  

5.3.2 Comparison of patient characteristics in different clusters after SA 

Descriptive statistics were used to report the characteristics of the study sample and patients in 

different clusters. Statistical tests were used to compare whether patient characteristics were 

significantly different among different clusters or not. For continuous variables, Shapiro-Wilk test 

(Shapiro and Wilk, 1965) was used to test the normality of the data, and Bartlett's test (Bartlett, 

1937) for equal variances among groups. Parametric test (analysis of variance, ANOVA) was used 

to compare continuous variables (e.g. age, years of smoking) among multiple groups, where the 

hypotheses of normality and homogeneous variance were fulfilled. Šidák’s method (Šidák, 1967) 

was used for post hoc multiple comparisons between two groups after ANOVA. If the hypothesis 

of normality or equal variance was rejected, non-parametric approach, Kruskal-Wallis rank test 

(Kruskal and Wallis, 1952) was used instead, but did not perform post hoc pairwise comparison, as 
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the software did not provide such function. Chi-square test was used to compare the proportions 

of binary, categorical, and ordinal variables. Finally, multinomial logistic regression was used to 

explore the association between patient characteristics and the cluster membership and report 

the relative risk ratio (RRR). Multinomial logistic regression is the extension of logistic regression. 

One cluster is served as the reference category, and the other clusters are compared against the 

reference category (Agresti, 2002, Long and Freese, 2014). The equation for multinomial logistic 

regression is log
𝜋𝑗(𝑥)

𝜋𝐽(𝑥)
=  𝛼𝑗 + 𝛽𝑗

′𝑥, 𝑗 = 1, … , 𝐽 − 1 (Agresti, 2002)(P268). Interaction between sex, 

IMD quintile, and the number of comorbidities were tested, as comorbidity burden may differ in 

sex and patients in different SES. 

5.3.3 Patient characteristics associated with primary care attendance and potential LC 

symptom consultations  

Count data, such as the number of visits, the interval between two two milestone events, are 

often used in the field of early diagnosis research to characterise cancer diagnostic pathways. The 

number of primary care attendances and the number of potential LC symptom consultations are 

the two variables of count data in this study. The number of primary care visits and potential LC 

symptom consultations are indicators of service use, reflecting patient’s care needs and their 

awareness of well-being and potential LC symptoms. It is reasonable to assume that patients who 

had more comorbidities need more care, and those who were more concerned about their health 

conditions would be more likely to visit their GP. Understanding what patient characteristics are 

more (or less) likely to use primary care services and consult potential LC symptoms would help to 

inform social marketing campaigns for the target patient subgroups (Niksic et al., 2015). 

5.3.3.1 Modelling count data 

Poisson regression is usually used to model the outcome variable of count data. The equation for 

Poisson regression is log
𝜇𝑖

𝑡𝑖
=  α + 𝛽𝑥𝑖 (Agresti, 2002)(P385). The Chi-square test for the 

likelihood ratio of the dispersion parameter, alpha (α), determines whether Poisson regression 

or negative binomial regression should be used. Alpha is negative two times the difference of the 

log likelihood between Poisson regression and negative binomial regression, i.e. −2 ×

(log likelihoodPoisson regression − log likelihoodnegative binomial regression). The null hypothesis is 

α=0, i.e. the count data are epi-dispersed, then Poisson regression is suitable for such a situation. 

If the null hypothesis is rejected, which means the data are over-dispersed (the variance is greater 

than the mean), then negative binomial regression should be used instead (Hilbe, 2011, Long and 

Freese, 2014).  
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5.3.3.2 Modelling count data with excessive zero 

If the count data have excessive zero, then the zero-inflated model should be used. Whether 

using zero-inflated Poisson regression or zero-inflated negative binomial regression still depends 

on whether the count data are over-dispersed or not, i.e. the likelihood ratio test for the 

dispersion parameter – alpha (Long and Freese, 2014). There are two parts in the zero-inflated 

model – a count model to predict the response variable, and the inflate part to predict the 

excessive zero. 

5.3.3.3 Patient characteristics as independent variables to model the count data 

Based on the published studies, the following variables are known factors influencing patient’s 

help-seeking behaviours, including age, sex (female as a reference category in the analysis), IMD 

quintile (the most deprived quintile, Q1 as reference), the number of comorbidities (no 

comorbidity as reference), current smoking status (no smoking as reference), and the years of 

smoking. The interaction terms were the same as those stated in subsection 5.3.2. Two 

respiratory comorbidities, COPD and asthma, were specifically tested to see whether they were 

associated with the number of potential LC symptom consultations. The Backward approach was 

used to eliminate nonsignificant variables step by step. Incidence rate ratios (IRR), obtained by 

exponentiating the coefficients in the regression, and the 95% CI, were reported for significant 

predictors.  

5.3.4 Exploration of practice effect 

Practice effect has implications in health services research and primary care audit (to evaluate the 

performance of general practices). General practice is a natural cluster, as patients are registered 

with practices. Different practices may have different ways of managing their patients. Therefore, 

practice effect was explored to see whether there was any difference in patient’s willingness to 

participate in this study (response rate), patient’s characteristics and help-seeking behaviours, 

and the cluster patterns of primary care sequences, using the statistical methods described 

above. When practice was introduced in the model as a categorical variable, Practice 1 was the 

reference category. Multilevel multinomial logit model (Skrondal and Rabe-Hesketh, 2003) was 

not used to explore the practice effect in this study for two main reasons. First, the practice effect 

was exploratory, which aimed to provide some initial evidence about practice effects of patients’ 

help-seeking behaviours and how GPs managed their patients. Traditional statistical methods are 

sufficient to achieve this goal. Secondly, the outcome of SA and cluster analysis is a nominal 

variable. The number of clusters of primary care sequences was unknown before analysis, which 

could be between two and nine clusters. Compared with other practices, one practice had a very 
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small sample size (Practice 7, n=24). Using multilevel multinomial logit model would increase the 

complexity of the analysis and may not achieve the best result. However, this method may be 

useful in a population-based study with a large sample size and a large number of practices, 

further discussed in subsection 8.6.1. 

5.3.5 Statistical software and packages 

Sequence analysis, cluster analysis, and graph visualisation were conducted in R (Version 3.6.0)/R 

Studio (Version 1.2.1335), using the packages ‘TraMineR’ (Version 2.0-12), ‘cluster’, and 

‘WeightedCluster’ (Version 1.4). ‘Graphviz’, an open source software for graph visualisation, was 

used to produce the figures of regression tree. Besides SA, data cleaning, management, and all 

other statistical analyses were conducted in Stata 16.0. 

5.4 Discussion of the study data 

5.4.1 The study sample size 

The sample size of the original study was calculated based on the estimated response rate of the 

IPCARD questionnaire, the number of participating practices, and the number of estimated 

eligible patients in each participating practice. The second round of posting questionnaires to the 

eligible participants who did not send back their questionnaires at the first mailshot was an 

attempt to increase the response rate. The study sample in this PhD study was those who gave 

consent to the researchers to review their medical records, which was a subset of the original 

study sample. Nothing could be done to increase the number of primary care sequences after 

data collection.  

5.4.2 Sample representativeness 

All patients who met the inclusion and exclusion criteria in the eight general practices were 

invited to participate in this study. Of 4,621 patients invited, 1,172 (25.3%) completed and 

returned the questionnaire. Patients who gave consent to the research team to review their 

health records were part of the questionnaire respondents (77.5%, 908 out of 1172 patients). The 

sampling approach (Bower et al., 2017) of this study could be deconstructed as: 

 Target population: people at high risk of developing LC in England; 

 Source population: patients in the target population registered in the eight general practices 

that agreed to contribute to this study; 

 Sampling frame: all eligible patients in the source population; 
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 Study sample: patients in the sampling frame who consented to participate in the study and 

health record review.  

A representative sample means that the study sample matches some characteristics of the target 

population (Bower et al., 2017). There are many ways to evaluate representativeness; for 

example, based on age, sex, SES, education, health status, and so on. Non-response could be a 

threat to sample representativeness. The previous publication (Wagland et al., 2016) reported the 

patient characteristics between the responders and non-responders. Females had a slightly higher 

(but nonsignificant) response rate (26.2%) than males (24.7%). Patients in two age groups (60-69 

and 70-79 years) had higher response rates (27.8%) than younger (50-59, 21.9%) and older 

patient groups (80+, 24.3%). There was a descending trend of responses rate from the least 

deprived quintile (27.2%) to the most deprived quintile (24.2%). All of these results make sense, 

as women and people in higher SES are generally more concerned about their health (Whitaker et 

al., 2015). Younger patients (aged 50-59) may not worry about this, while older patients (80+) may 

have additional barriers (e.g. poor eyesight, frailty) to finish the questionnaire even if they wished 

to. The research team did not compare the other sociodemographic characteristics between the 

responders and non-responders. Such data were not available to me to conduct further 

comparisons. The good sides of the study sample were the responders were in different age 

groups and had relative balanced proportions in sex and SES. If comparing with the criteria for the 

English targeted lung health check (NHS England, 2019) for early diagnosis of LC (ever smokers 

aged between 55 and 75 years old), this study sample was in the “high-risk” group and eligible for 

the lung health check. The United States Preventive Services Task Force recommends LC screening 

(Jonas et al., 2021), also based on age (50 to 80, age band 10 years wider than the UK) and 

smoking intensity as eligibility criteria. Therefore, this study sample was representative of a 

specific population of interest, i.e. smokers or ex-smokers age ≥50 years old in England, who are 

the candidates for screening and early intervention of LC. At the event level, primary care 

consultations should be complete and representative, as the research team systematically review 

and transcribe patient’s records, further discussed in the “data quality” subsection (5.4.5) below.  

5.4.3 Strengths and limitations of the study sample 

The study participants were very unique in the study of this type, as they were the target 

population for early diagnosis but less investigated, let alone to understand their primary care 

pathways. Therefore, the choice of the study sample was part of the strength of this study. 

Using health survey as a research design needs careful consideration, including sampling 

methods, coverage of geographical areas, local contact and logistical support, funding, manpower 
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(especially the number of dedicated researchers), and timeline. The study design (postal 

questionnaire survey with additional review of health records) and the available resources 

influenced the scale of this study and the sample size. The geographical coverage was mainly 

around the south coast of England. Patient’s willingness to fill in the questionnaire and post it 

back (the response rate) and informed consent were out of researchers’ control. Non-response 

bias is a well-recognised limitation of studies using postal questionnaire survey to collect data for 

research. Patients who are interested in this study are more likely to participate than those who 

are less interested. The length of the questionnaire (10 pages) may be a barrier and cause a 

psychological burden for some potential participants, but the response rate was comparable with 

other primary care postal surveys (Wagland et al., 2016). The invitation letter was sent to each 

eligible patient by the practices. If the practices did not elect to take part in the study, there was 

no way that researchers could reach the patients in those practices. This reflected the importance 

of local support. The inclusion of practice and participating patients was much more complex than 

selecting patients from EHRs.  

This study sample was mostly white British (93.1%), and the percentage of known ethnic minority 

patients was only 2.5%. The small study sample size and patient characteristics (ethnicity and the 

distribution of SES) were due to the nature of the study design discussed above, but another 

English study with a similar study design (Walabyeki et al., 2017) also reported similar problems. 

This signifies the importance of including and engaging ethnic minority patients in health 

research. A better understanding of their thoughts and health conditions can inform health policy 

to provide health services to meet their care needs. 

5.4.4 Strengths and limitations of the primary care data 

The data of primary care visits were manually collected. Using EHRs can greatly increase the 

sample size and the coverage of the population. But the advantage of using GP notes over primary 

care events indexed by Read codes in EHRs is that free text provides richer information to answer 

the RQs in this study. For the visits related to potential LC symptoms, additional clinical 

information (symptoms, tests, treatments) was recorded in detail, which was important 

information to study primary care sequences. The symptom terminology used by GP is more 

accurate than those reported by patients. These are the strengths.  

Manual transcription of data was more prone to error. For example, unclear handwriting may be 

difficult for other people to recognise, which could cause barriers to double-checking and 

revision. Typos may occur when typing into the computer. In addition, coding events in free text is 

time-consuming. Researchers undertaking this task need some qualitative coding experience to 

summarise all the texts into categories. It would be helpful to develop a rough coding framework 
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with prior knowledge before coding. Researchers can make further adjustments during the coding 

process. The coding framework in this study was less systematic and structured than the well-

established ones like the ICD-10.  

5.4.5 Assessment of the data quality  

Health informatics literature provides some dimensions to assess the data quality of health 

records for research (Weiskopf and Weng, 2013, Kahn et al., 2016, Weiskopf et al., 2017, Feder, 

2018). Here discuss the relevant dimensions of data quality to this study (the terminology may 

vary in different literature). 

Completeness is referred to whether patients’ health conditions are completely recorded in the 

EHRs or not (Weiskopf and Weng, 2013). Researchers could determine whether the EHR data are 

complete enough for a specific research purpose, or sufficient in quantity for the task at hand. 

This criterion is subjective. If based on this, the data extraction of health records for this study 

was quite complete, because small events such as wound dressing, vaccinations, patients 

consulted with family issues were recorded by the GPs and transcribed by the researchers in 

paper form.   

Data plausibility: synonyms like correctness, accuracy, credibility, reliability are used in different 

literature for the same meaning. It means whether the EHR data could be trusted or not, or 

whether the data are suspected of quality issues.  EHR data are plausible if they are in agreement 

with general medical knowledge and user-perceived reality, which means that the variable values 

should “make sense” based on external knowledge and clinical context (e.g. height and weight 

should be positive values and within a reasonable range) and free from error (Feder, 2018). I 

reviewed the transcribed paper notes and had several rounds of discussion and queries with the 

original research team for contextual inputs. The face validity of primary care events and variable 

values are good. The data are relatively credible, as they are in alignment with medical knowledge 

and common sense. The demographic dataset has been cleaned for analysis for the previous 

publication, and there were no outlier values for the variables.  

Concordance and data availability: this means that the desired data elements are available to 

check the agreement between different data elements, for example, blood glucose (HbA1c) level 

to corroborate the diagnosis of diabetes (Weiskopf et al., 2017). Due to human resources and 

time, it was not possible to transcribe all the information (e.g. test results) from GP records on 

paper, and infeasible to ask another researcher to cross-check between the transcribed and the 

original GP notes. It was not possible to verify every diagnosis (e.g. COPD).  
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Data timeliness/recency: this means health events should be “time stamped”, as some data may 

be collected using techniques or laboratory procedures no longer in practice due to the advance 

in clinical knowledge. Aged data may reflect patient characteristics not necessarily generalisable 

to the contemporary populations (Feder, 2018). The events were dated, but this dimension did 

not have much impact on the methodological exploration. However, clinical guidelines for 

treating patients and referral criteria may change over the years.   

Uniqueness: patient characteristics (high risk but not yet diagnosed with LC) and data source (GP 

notes rather than Read codes) are the two aspects of data uniqueness of this study. 

In conclusion, the available primary care health records are quite complete, plausible, and unique. 

The data quality is good enough for the research objectives of this study.  

5.4.6 Potential missing data in health records 

Missing data are pervasive in longitudinal data. Health record is a special type of longitudinal data. 

Traditional longitudinal data for research are usually collected around the same interval (e.g. 

week, month, year). But individual patient’s health services utilisation over time is unique, as 

visiting the care providers largely depends on individual patient’s health conditions and care 

needs. Therefore, the frequency of visiting a GP and the intervals between two visits may vary 

greatly among patients, even within the same patient at different stages of life.  

Healthcare and administrative events are recorded using specific coding systems, e.g. Read code 

in primary care, ICD-10 in secondary care in NHS England. When extracting the data but no record 

returned, it could be one of the following three possibilities. The first one is the patient did not 

attend the care facilities at all in that period, or the patient declined to provide the health data for 

research. Patients may selectively report some symptoms/health problems, but omit others. The 

second possibility is that physicians or other staff forgot to record the events (Feder, 2018), or 

GPs recorded some key problems indexed by Read codes, but put others in free text, which could 

not be extracted. It is not possible to verify how complete the care providers document health 

events. Researchers have little to do in these two situations. The third possibility is uncommon 

codes were used to record the events but those codes were not included for data extraction. To 

avoid this possibility, when preparing the codes for data extraction, researchers can search the 

coding database systematically, consult with experienced colleagues, and include relevant codes 

as extensively as possible. But in most cases, the absence of events means the event did not occur 

(the first possibility), rather than missing data. This is a commonly accepted assumption of using 

health records in research. Therefore, a state of ‘no visit’ can accommodate such a situation in SA, 
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if needed. I have also discussed some strategies for missing data in the systematic scoping review 

in subsection 4.4.5. 

5.4.7 Assumptions and handling missing data 

For patients without potential LC symptoms recorded in the GPs’ notes, the assumption was 

patients did not have those symptoms. For those with fewer visits to the general practices, it was 

assumed patients had different levels of care needs and help-seeking behaviours. As reported in 

Table 7.1 (Result chapter), the completeness of patients’ sociodemographic information was 

good. Missing values in demographic characteristics did not affect methodological exploration. By 

comparing the patient profile among different clusters in empirical analysis, missing values of 

some variables were coded as unknown/unreported, and reported as a separate category. The 

unreported proportions in each variable are 3.1% in the number of comorbidities, 4.4% in 

ethnicity, 5.2% in marital status, and 8.6% in qualification. It is assumed that the 

unknown/unrecorded data in this study are missing at random (MAR), which means that 

missingness could be explained by the observed data, rather than by the unobserved data. It is 

particularly challenging for the imputation model to converge when involving several categorical 

variables using multinomial logistic regression in multiple imputation by chained equations 

(MICE)(White et al., 2011). In addition, it was not possible to construct a rich multiple imputation 

model based on the limited available study data. Considering this thesis is positioned as an 

exploratory study and does not intend to generalise findings to the wider population, more 

detailed analyses for missing data were not conducted. Complete case analysis was used as the 

primary analysis, as the proportion of missing data was <5% (Jakobsen et al., 2017). The 

unknown/unreported status in ethnicity, marital status, and qualification had a minimal impact, 

as these characteristics were not significantly different among the patient clusters, and not 

included in the regression models (discussed in subsection 7.3.2). 

5.5 Chapter summary 

This chapter introduces the data source and statistical methods applied in the main study. The 

data quality, strengths and limitations of the data source are discussed. The study data are 

complete, plausible, and unique; and the data quality is good enough for the research objectives 

of this study. The next chapter reports the process of addressing relevant methodological issues, 

which would lead to empirical findings of the cluster patterns. 
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Chapter 6 Methodological exploration on the use of 

sequence analysis to identify typologies of primary 

care sequences among community-based patients at 

high risk of developing lung cancer 

6.1 Introduction: research objectives of methodological exploration 

This first phase of this study focuses on methodological exploration. It aims to explore how SA 

could be used to represent and analyse primary care sequences and identify meaningful cluster 

patterns, to evaluate and discuss how SA could be used to provide new knowledge in the field of 

early diagnosis research. Around this aim, there are four research objectives in this phrase (cross-

reference to section 3.7):  

1 To  construct primary care sequences from discrete health records  (methodological issue: 

sequence construction, which is the premise of analysis, involves state specification and 

setting interval); 

2 To investigate how dissimilarity measures (e.g. OM) and cost setting (constant and data-

driven) would influence the cluster patterns; 

3 To establish and test the criteria that would help decide the optimal number of clusters; 

4 To identify the most frequent sequences of potential LC symptoms 

To make the whole analytical process more logical for the readers, the methodological 

exploration is reported step by step in this chapter, with brief discussions in place to explain why 

decisions are made in particular ways. 

6.2 Addressing the methodological issues 

6.2.1 State specification for SA (1st methodological issue) 

6.2.1.1 The rationale of state specification 

The states need to be mutually exclusive to each other. The numbers of categories for the patient 

and GP parts in Table 5.1 and Table 5.2 were too large. They needed to be reorganised in a way to 

make the number of states manageable and appropriate for the final presentation of the typology 
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in figures, while the states were still informative and distinguishable from each other. Therefore, 

based on the similarity and importance, the categories were further grouped as five patient states 

and six GP states, respectively. The importance of states was in descending order, concerning the 

possibility of LC. The hierarchy of states was decided by the research interest of this study. If 

multiple categories were recorded and in different states in one consultation, a state at a lower 

position (e.g. Pt-3. non-respiratory somatic illnesses) would render the position for the state at a 

higher position (e.g. Pt-1. potential LC symptoms). This was a way to give more weights for more 

important states of greater interest and relevance for investigating potential LC. 

6.2.1.2 The states for patient’s reason to visit the general practice  

The grouping of patient events and the hierarchy of five patient states below was based on 

whether the patient events might signify LC to GP, the relevance of comorbidities to this study, 

and the severity of health conditions. The numbers in the parenthesis were the codes in Table 5.1. 

 Pt-1. Potential LC symptoms: chest (1) and systemic (2); 

 Pt-2. Smoking-related cardiorespiratory comorbidities: review/monitoring progression (3), 

acute exacerbation of COPD (5); 

 Pt-3. Other non-respiratory somatic illnesses: review/monitoring progression (4), acute 

problems (6), other alarming symptoms indicative of potentially serious problems (7), other 

health problems commonly seen in general practice (8);  

 Pt-4. Other primary care services (less relevant to COPD/LC): health checks, seeking for 

health information and advice (9), mental health issues (10), social care problems/help with 

benefits (11), and others (12);  

 Pt-0. The patient part was not recorded. 

LC shares some common symptoms with other respiratory comorbidities, like COPD. Even in the 

same state, the symptoms have a different level of severity. Take the Pt-1 state as an example, 

cough is a very common symptom in primary care, which would be caused by different reasons. 

Chest infection is a more severe problem, while haemoptysis should be an alarming symptom for 

both patient and GP. The GP action, whether managing a long-term respiratory health condition, 

or starting LC investigation, becomes vital in primary care sequences towards LC diagnosis, which 

should be reflected in the states. 
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6.2.1.3 The states for GP actions 

There were six states for the outcome of primary care consultations. The numbers in the 

parenthesis below were the codes in Table 5.2. 

 GP-1. Requested CXR (6B) and/or (rapid) referral: GP requested full blood count (FBC) & CXR 

+/- sputum (6D), request FBC & CXR & acute cardiac/respiratory referral (2WW, 6E), referral 

to cardiac/respiratory consultant (6F). This state indicated that GP started to investigate 

potential LC symptoms; 

 GP-2. Other tests, investigation, and/or referral: request FBC (6A), requested spirometry (6C), 

request other tests (7), acute non-cardiac/respiratory 2WW referral (8), routine referral to 

secondary care or community services (9), immediate referral to medical acute units 

(MAU)/accident & emergency (A&E) (11); 

 GP-3. Prescribe medications: antibiotics (3A), others (3B), antibiotics & other medications 

(3C); 

 GP-4. Smoking cessation service (12); 

 GP-5. Review treatment plans for chronic conditions and health advice: watch & wait/pro re 

nata (PRN) review/continue current treatment (1), provide advice (2), review medications 

and no change (4), review medications and change (5), problem resolved/identified and 

treated (10); 

 GP-0. No GP action was recorded. 

6.2.1.4 The frequency of cross-tabulating patient and GP states 

As discussed in subsection 3.4.4, interdependent patient and GP events should be combined, 

called combined states, and use traditional SA to analyse the primary care sequences. The GP 

part could be after the patient part, representing the combination of the reason and the outcome 

of a primary care consultation. For five patient states and six GP states, theoretically, it could have 

30 combinations. Table 6.1 presented the frequency (and percentage) of the 24 combinations of 

the patient and GP states, with a massive difference in frequency, which varied from 17(0.2%) to 

1,963 (22.1%). 

Patients’ help-seeking behaviours related to the potential LC symptoms (629 out of 8,896 

episodes, 7.1%) were the key research interest in this study, and the GP response – requested a 

CXR or referred the patient to a chest physician (CXR/Referral), although only in a small 
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percentage, was of top interest (n=118, 1.3%). Cardiorespiratory presentations excluding 

potential LC symptoms were about 10% (n=879, 9.9%), 2.8% higher than those due to potential LC 

symptoms. This was partly because when the patients presented with both potential LC 

symptoms and cardiorespiratory diseases, the latter gave up the position for the former, as 

potential LC symptoms were defined as a more important state in this study. Almost half of all the 

consultation episodes were related to somatic illnesses (n=4,284, 48.2%). More than a quarter of 

all consultations (n=2,415, 27.2%) did not have a code in patient’s part. When reviewing the 

transcribed notes, it was found that most of these situations were GP reviewed or ordered tests 

(e.g. blood test) to monitor patients’ chronic conditions. Smoking cessation service was only 

coded in GP part, without a patient code accompanied (n=237, 2.7%). Four combinations with a 

percentage >10% were underlined in Table 6.1, which were GP ordered tests for patients (likely to 

be monitoring chronic diseases, n=1,963, 22.1%), patients presented with somatic illnesses and 

GPs reviewed patients’ condition (n=1,318, 14.8%), or GPs did nothing about it (n=1,293, 14.5%), 

or GPs ordered tests (n=901, 10.1%). These four combinations more reflected patients’ 

comorbidity burden but were less relevant to the research interest of this study (LC).  

Table 6.1 – Cross-tabulation of patient and GP states in primary care consultations, n(%) 

N=8,896 Pt-1/Symptom Pt-2/Respiratory Pt-3/Somatic Pt-4/Others Pt-0 

GP-1/CXR 118 (1.33) 17 (0.19) 47 (0.53) NA 24 (0.27) 

GP-2/Tests 115 (1.29) 77 (0.87) 901 (10.13) 51 (0.57) 1,963 (22.07) 

GP-3/Meds 242 (2.72) 68 (0.76) 725 (8.15) 44 (0.49) 5 (0.06) 

GP-4/Smoking NA NA NA NA 237 (2.66) 

GP-5/Review 115 (1.29) 534 (6.00) 1,318 (14.82) 176 (1.98) 186 (2.09) 

GP-0 39 (0.44) 183 (2.06) 1,293 (14.53) 418 (4.70)  

Column total 629 (7.07) 879 (9.88) 4,284 (48.16) 689 (7.75) 2,415 (27.15) 

Note: NA meant no such combinations in the dataset. The denominator in this table was the total 

number of events (N). 

Some combinations may look odd, but actually possible in reality. For example, a patient 

presented with cough (symptom indicative of LC), which could be caused by benign respiratory 

problems. The GP may just provide some advice (watchful wait) and see how the symptom would 
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develop. The GP action may not be recorded, and thus resulting in the combination of Pt-1+GP-0. 

The patient had a subsequent attendance several days later, as the symptom did not resolve but 

worsened. The GP made a rapid referral. The patient part was not recorded this time and resulted 

in the combination of Pt-0+GP-1. Such coding could be due to GP’s recording habits or during the 

transcription process. It was possible that some notes were not entirely written down in the data 

extraction form by the researchers, and thus affecting the coding. A similar situation may exist in 

EHRs. The use of Read codes is not standardised national wide. GPs may have their own habits 

and preferences to record clinical events.  

6.2.1.5 The combined states 

The 24 combinations should be further grouped conceptually, to decrease the number of 

combined states. The ranking of the combined states was again in a hierarchy, based on the 

research interest in this study. Again, the combined states need to reflect the complex clinical 

situation, but still be able to distinguish from each other. In addition, the percentage of the 

combinations was considered. Otherwise, if the percentages were too small, even for important 

states, they would be drowned by other states in bigger percentages and become invisible in the 

typology (as Figure 6.5 and Figure 6.7 demonstrated in the following subsections to support this 

point). Therefore, the process of grouping the combined states carefully considered the 

importance of the combined states and maintaining a manageable number of combined states for 

visualisation in figures. 

The grouping and ranking of the combined states were established based on the hierarchies of 

the patient and GP states (in subsections 6.2.1.2 and 6.2.1.3, respectively). Generally, we were 

more interested in potential LC symptoms (Pt-1) than cardiorespiratory comorbidities (Pt-2), then 

somatic illnesses (Pt-3), and finally, non-specific care needs (Pt-4 and Pt-0) in patient’s part. For 

the GP part, investigation of potential LC symptoms (GP-1) was more important than requesting 

other tests or investigations for non-LC problems (GP-2) or prescriptions (GP-3). Review (GP-4) 

was at a lower level, as it indicated no particular medical intervention from GP (either 

investigation or prescription), but slightly better than doing nothing at all (GP-0). The meaning, 

frequency, and colours in R (to facilitate communication of the results) for the combined states 

are in Table 6.2. The legend of the combined states is illustrated in Figure 6.1.  
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Figure 6.1 – The legend of the combined states for the primary care sequences in the NAEDI study 

Here are some further explanations for the combined states. Patients presented with potential LC 

symptoms that triggered GP initiating LC investigation by requesting CXR or making a referral to a 

chest physician was on top of the list (combined state 1, denoted as Combined-1). Prioritising this 

state over the others was because it indicated that GP considered the possibility of LC in patients 

and started to investigate LC. Due to the non-specific symptoms of LC, patients may present in 

other forms, or the event was not recorded as potential LC symptoms, but GP still investigated 

potential LC. Such a situation became the second in the hierarchy (Combined-2). The hierarchy of 

the states from Combined-3 to Combined-6 is self-explanatory, based on the rules stated above. 

Smoking cessation service (Combined-7) is an important intervention in general practice, to 

prevent disease progression to COPD and/or LC. Thus, it was considered less important than other 

valid interventions (tests, investigation, or prescription), but more important than medical review 

and/or advice from GP (Combined-8). Combined state 9 was mostly monitoring patient’s chronic 

comorbidities, while no GP action regardless of any reason of patients’ presentation was placed at 

the bottom of the hierarchy of the combined states. 
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Table 6.2 – The meaning, frequency, and the colours of the combined states (combined patient and GP events) in R 

 The meaning of the combined states (with brief explanation) The original combined codes n (%) Colour in R 

1 Patient presented with potential LC symptoms | GP: potential LC 

investigation (CXR/referral to chest physician) 

Pt-1 (potential LC symptoms) | GP-1 (CXR/Referral) 118 (1.33) red 

2 Patient: other ‘non-LC symptoms’ presentations | GP: potential LC 

investigation 

Pt-2 (Cardiorespiratory disease) | GP-1; 

Pt-3 (Somatic disease) | GP-1;  

Pt-0 (Patient part not recorded) | GP-1 

88 (0.99) mediumpurple1 

3 Patient: potential LC symptoms | GP: other tests, investigation, or 

prescriptions (managed as benign conditions) 

Pt-1 | GP-2 (other tests, investigation) 

Pt-1 | GP-3 (prescribe medications) 

357 (4.01) lightgoldenrod1 

4 Patient: potential LC symptoms | GP: review and/or health advice Pt-1 | GP-5 (review and/or health advice) 115 (1.29) chocolate 

5 Patient: cardiorespiratory presentations | GP: other tests, 

investigation, or prescriptions 

Pt-2 | GP-2 (other tests, investigation) 

Pt-2 | GP-3 (prescribe medications) 

145 (1.63) aquamarine 

6 Patient: other non-cardiorespiratory somatic diseases | GP:  other 

tests, investigation, or prescriptions 

Pt-3 | GP-2 (other tests, investigation) 

Pt-3 | GP-3 (prescribe medications) 

1,626 (18.28) lemonchiffon 
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7 GP offered smoking cessation service to patients Pt-0 (Patient part not recorded) | GP-4 237 (2.66) lightgreen 

8 Patient: all non-LC symptoms presentation | GP: review and/or 

advice 

Pt-2 (Cardiorespiratory disease) | GP-5; 

Pt-3 (Somatic disease) | GP-5; 

Pt-4 (Other services needed) | GP-5;  

Pt-0 (Patient part not recorded) | GP-5. 

2,214 (24.89) lightpink 

9 Patient: non-specific care needs | GP:  other tests, investigation, or 

prescriptions (likely to be repeated prescriptions and/or 

monitoring chronic diseases) 

Pt-4 (Other services needed) | GP-2;  

Pt-0 (Patient part not recorded) | GP-2; 

Pt-4 (Other services needed) | GP-3;  

Pt-0 (Patient part not recorded) | GP-3 

2,063 (23.19) skyblue 

10 Patient: any presentation | GP: no action 
Pt-1 (Potential LC symptoms) | GP-0; 

Pt-2 (Cardiorespiratory disease) | GP-0; 

Pt-3 (Somatic disease) | GP-0; 

Pt-4 (Other services needed) | GP-0;  

1,933 (21.73) grey75 
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6.2.1.6 A brief summary of the whole process of state specification 

State specification is the first step of constructing sequences. The whole process went through 

three major steps to come up with these ten mutually exclusive combined patient-GP states: 

1. A thematic categorisation of the reasons and outcome of visits from transcribed GP notes in 

free text; 

2. Decreased the number of categories and created patient states and GP states individually; 

3. Based on Step 2, the patient and GP states were combined to further reduce the number of 

states based on the clinical importance and the research interest of this study. However, 

some states still had very small frequency.  

6.2.2 Constructing primary care sequences (1st methodological issue) 

There are two possible ways to construct primary care sequences from the combined patient-GP 

states. This section introduces the two approaches, and discusses the strengths and limitations of 

each approach. The presentation and comparison of the figures between the two approaches are 

in section 6.3.  

6.2.2.1 The first approach: sequences constructed by visits 

The first approach to construct primary care sequences is to align each consultation successively 

in the timeline. For each patient, all primary care consultations, coded as combined states, can be 

aligned one by one in the same row, parallel to the x-axis (visits), and constitutes a primary care 

sequence. Figure 6.2 illustrates how the primary care sequences for all the patients look like in 

this approach. The sequences were sorted by the total number of visits, where the x-axis is the 

number of visits in chronological order. Each row is a whole sequence, consisting of short lines in 

different colours, representing the corresponding combined states (the reason and outcome of 

that visit). The two indicators widely used in early diagnosis research, the total number of visits (in 

the x-axis) and the interval between visits (only applicable for sequences having ≥2 visits during 

the observation period), could be calculated and used to describe the sequence characteristics. 

The strength of this approach is that the sequences are conceptually straightforward, easy to 

understand, while the two major limitations are the loss of timing information and bringing 

redundant information into the sequences. From Figure 6.2, we could not know when the 

consultation happened in the timeline. When reviewing the GP notes, it was found that some 

patients had very frequent visits to the practices after surgery (e.g. hip replacement) for wound 

dressing or post-operative monitoring. Although these were actual care needs of the patients, 

they were introduced and treated equally in the sequence as the more important events in this 
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study (e.g. visits due to potential LC symptoms). Such uncensored information could introduce 

excessive noise in the sequences, which may NOT result in satisfactory and meaningful patterns in 

the typology, because the number of consultations related to ordinary care needs was much 

bigger than that related to potential LC symptoms (Table 6.1). They were ‘more powerful’ in 

determining the clustering structure than potential LC symptoms.  

 

Figure 6.2 – Representation of primary care sequences for individual patients (sequences 

constructed by visits) 

6.2.2.2 The second approach: sequences constructed in a timeline with equal intervals  

The second approach to construct sequence is to create small equal intervals (e.g. week, 

fortnight, month) in the timeline (x-axis). Based on the date information, health records can be 

located at one of the corresponding intervals (calendar month here in the example). Some 

patients may visit their GPs more than once in a month. In such a situation, we can keep the 

combined (only one) state at the highest rank, as we are more interested to know the most 

important reason and outcome of the patient’s visit in that month. Figure 6.3 presents the 

primary care sequences of individual patients constructed in a timeline. The length of the 

sequences is different when constructing sequences by visits (in Figure 6.2), as there are 

variations in the frequency of patients’ help-seeking behaviours. But sequences are in the same 

length in this approach, with the same start and end point of the timeline. Most of the patients 

did not attend general practice every month. An additional state of “no primary care visit” was 

added to accommodate for such a situation. This is a special state, and not missing data 

(discussed in subsection 5.4.6).  
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Figure 6.3 – Representation of primary care sequences for individual patients (sequences 

constructed in a timeline) 

6.2.2.3 Brief discussion: applications and implications of two sequence construction 

approaches 

The second approach (timeline with interval) compensates for the two limitations of the first 

approach (by visit). We could know when the consultations happened (timing) from the timeline, 

and the redundant information is controlled by only keeping the most important combined state 

in one interval (month in this example). Although this study sample was at increased risk, we 

could not know where the individual patients were in the disease trajectory of LC, as they did not 

have a clinical diagnosis of LC. Some of them may develop LC a few years later; some may not in 

their whole lives. Therefore, constructing sequences by visit was fine for this population. But it 

would be problematic if studying a population with a definitive clinical outcome (e.g. LC 

diagnosis), because timing is important and relevant in such context. We would be interested to 

know when the important consultations (e.g. consultations related to potential LC symptoms) 

happened relative to the date of LC diagnosis. If two patients had only one consultation and the 

sequences were constructed by visits, they were in the same position (Visit 1) in the figure. We 

cannot know the timing of consultation in this approach. It could be two years or one month 

before the diagnosis. It has huge differences in clinical implications between these two timings for 

symptoms like haemoptysis. 

The observation period in this study was from June 2010 to August 2012. It is sensible to use the 

original calendar month in the x-axis for sequence construction. But if we study primary care 

sequences before LC diagnosis (e.g. 2 years before diagnosis) in a population-based study, it is 
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likely to include patients diagnosed with LC in different calendar years with a big time span (e.g. 

from 2001 to 2020). If using the original dates, it would be difficult to align all the sequences 

diagnosed in different calendar years in the same timeline. Making a relative timeline, rather than 

using the original dates, is an important step to align all the sequences in such a situation. Using 

the date of diagnosis as the endpoint of the sequence, health events can be reorganised 

backwards for 2 years, with month as an interval, as Figure 6.4 shows. In this way, all the 

sequences can be in the same timeline, with the same start and end points. It is easier to 

understand the timing of health events relative to the date of cancer diagnosis.  

 

Figure 6.4 – Constructing a timeline and setting intervals to represent health sequences in 

different calendar years 

6.2.3 Dissimilarity measure and cost setting (2nd methodological issue) 

SA can cope with sequences of either equal length (second approach, in a timeline) or unequal 

lengths (first approach, by visits). Dissimilarity measures and cost setting are the second 

methodological issue, which could be considered as sensitivity analysis of applying different 

methods on the same data. Some technical aspects are already discussed in subsections 3.2.2 to 

3.2.4. To use Hamming Distance (HAM) and Dynamic Hamming Distance (DHD), it requires 

sequences of equal length. Therefore, they are NOT suitable for sequences constructed by visit 

(unequal length), but it is possible to use optimal matching and setting cost as constant (OM[1,2]) 

or proportional to transition rates among states (OM[1, TR]). Sequences constructed in a timeline 

have equal length, which has more choices of dissimilarity measures and cost setting, including 

OM[1, TR], OM[1, 2], HAM, and DHD. 

6.2.4 Criteria to determine the optimal number of clusters (3rd methodological issue) 

The ASW value was used to assess the clustering quality in three studies (Hougham et al., 2014, Le 

Meur et al., 2015, Moreno-Black et al., 2016) in the systematic scoping review. Whether the ASW 

is helpful to decide the optimal number of clusters has been tested in this study. In addition, 

subjective criteria such as interpretability of the cluster patterns in the research context, and 

pragmatic criteria like the number of clusters in typology and the number of sequences in each 

cluster, were considered when making the decision. These criteria were mentioned in the 

previous subsections (3.3.5 and 4.4.3) and are further discussed in subsection 6.7.4.  
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6.3 Presentation and interpretations of the whole primary care 

sequences from all study subjects 

6.3.1 Sequence profile 1: state distribution of primary care sequences constructed by visits  

There are 767 distinct sequences out of all 858 sequences. The median number of GP 

consultations is 8 times during the observation period, IQR [5, 14], and a maximum of 54 times. 

For patients having ≥2 visits, the median interval between two visits is 28 days, IQR [11, 70] days. 

Figure 6.5 presents how the ten states are distributed by visits (x-axis). The y-axis is the 

percentage of states at each visit, relative to all the sequences. As the number of visits increases, 

more sequences end, shown as the curve drops and more area in white in Figure 6.5. The whole 

figure looks similar to a survival curve. If not making a relative percentage, at the end of the x-

axis, there are only one or two states at each visit, and the single state could take up to 100%, as 

shown from Visit 47 to Visit 54 in Figure 6.6, which is very misleading and confusing for readers 

who do not know this method. 

In the state distribution plot, the states are presented the same order as they are specified in the 

legend, from the bottom (the first state) to the top (the tenth state), not by the percentage of 

states. States with higher percentages are easier to recognise in the figure. ‘Lightpink’ (8th state, 

24.9%), ‘sky-blue’ (9th state, 23.2%), ‘grey75’ (10th state, 21.7%), and ‘lemon chiffon’ (6th state, 

18.3%) are the four dominant colours in Figure 6.5. Despite only taking up a very small percentage 

(1.3%), the first state “potential LC symptoms | CXR/Referral” is the most important state and the 

research interest in this study. A red colour may help readers easier to find it at the bottom of the 

figure. The illustration of these two figures echoes the point mentioned in subsection 6.2.1.5 that 

important states in small percentages would be drowned by states in bigger percentages, and 

become invisible in figures. 
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Figure 6.5 – State distribution plot of all 858 primary care sequences (percentage relative to the 

total number of sequences) 

 

Figure 6.6 – Alternative presentation of state distribution plot of all 858 primary care sequences 

(percentage at each visit, legend as the same in the above figure) 

Note: after Visit 47, there is only one sequence, and that only one state takes up 100%, which is 

not comparable to what 100% represented at the first several visits (with a much larger sample 

size). 
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6.3.2 Sequence profile 2: state distribution of primary care sequences constructed in a 

timeline 

The state distribution plot of primary care sequences constructed in a timeline is presented in 

Figure 6.7, with the interval of month in chronological order. The sequences are in equal length 

(29 months). There are 846 distinct sequences out of 858, 79 more distinct sequences (846-767) 

compared with those constructed by visits, which is due to the timing and a new state – “no 

primary care visit” (coloured in white in the figure). The same state located in different months 

were considered as different sequences. Besides the beginning (June 2010) and the end (July and 

August 2012) of the timeline, the states are distributed relatively evenly, rather than heavily 

stacked at the beginning of the first several visits in Figure 6.5. The frequency of states in each 

month was not the original frequency, but a condensed result, because only the state most 

relevant to the RQ was kept in the sequence if a patient visited more than twice in a month. This 

is a way to reduce the noise of less interested states. Even in this situation, there was an increase 

of frequency every October. GPs explained the peak was because patients caught viral infections 

in flights during holidays. GPs requested tests and/or prescribed medications for these patients. 

What is reflected in the figure is that the 9th state in ‘sky blue’ has a higher percentage every 

October than any other month of the year.  

 

Figure 6.7 – State distribution plot of primary care sequences in the calendar month 
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6.3.3 Brief summary and discussion of the whole primary care sequences 

Constructing sequences in different ways using the same original dataset gets different sequence 

profiles. The whole sequences for all patients were presented to provide background information 

for the study and explore the implications. Cluster analysis was not conducted at this stage 

because the whole sequence reflected the health problems, routine care needs, and the visit 

patterns in general practice among patients. Using a full dataset to create typologies would 

provide limited useful patterns of the consultations related to potential LC symptoms or COPD. 

Not all of the patients had consulted potential LC symptoms. Most of their care needs were still 

for systemic comorbidities. Understanding different levels of care needs among patients from the 

typology may be interesting, but it is not the research interest of this PhD study. During the 

review of the transcribed notes, quite a substantial proportion of primary care events were about 

repeated attendances of wound dressing, preventive measures like flu vaccination or 

immunisation, vitamin 12 injections, or even counselling patient’s family issues with GP. The 

consultations related to potential LC symptoms only took up a very small percentage in the 

community, even among a high-risk population. The state of most research interest “patients 

presented with potential LC symptoms and GP requested CXR or made referral” was scattered at 

the bottom of the figure and barely visible. It needed a different strategy to analyse the 

sequences. 

 

In order to get more meaningful patterns relevant to potential LC symptoms, to investigate the 

risks among different patient subgroups, and to discuss the implications of patient management 

to achieve early diagnosis of LC, it is better to separate the study sample into two groups – 

patients who presented with potential LC symptoms and patients who did not, and conduct 

analysis separately for each group. Hence, investigating the patterns of consultations among 

patients who presented with potential LC symptoms is reported in the following two sections (6.4 

and 6.5). Patients who did not present with potential LC symptoms are still of research interest 

and have clinical implications, as they are still a high-risk population and the target population for 

early diagnosis. They may present and consult potential LC symptoms before or after the 

observation period, just not in the timeframe of this study. The analysis of patients in this group is 

reported in section 6.6.  
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6.4 Subgroup analysis 1 – sequences of patients presented with 

potential LC symptoms 

6.4.1 Introduction and rationale of the subgroup analysis 

The previous section established the need to separate the study sample into two groups – 

patients presented with and without potential LC symptoms in general practice. This section 

reports the exploration of how SA was used to identify meaningful patterns of sequences among 

patients who presented with potential LC symptoms and how GP managed these patients (e.g. 

ordered CXR, prescriptions, offered health advice). Only around one-third of patients (34.4%, 

295/858) presented with potential LC symptoms at least once during the observation period. 

These subjects were included in this part of subgroup analysis. The sequences were constructed 

and analysed in two steps: 

1. Sequences with potential LC symptoms only, called LC symptom sequences for short 

hereafter; 

2. More complex sequences, including consultations with potential LC symptoms, smoking-

related cardiorespiratory comorbidities (e.g. COPD, respiratory and heart diseases), and 

other non-respiratory alarm symptoms potentially indicate serious problems (category 7 in 

Table 5.1). The reason to include this was that these symptoms might compete for GP’s 

attention against respiratory problems. They were also likely to form part of the GP’s clinical 

judgment and diagnostic reasoning. Because these events were high risk related to LC, the 

sequences were called high-risk sequences for short hereafter.  

The first step is a simplified approach of the second step, isolating potential LC symptoms from 

other healthcare events, which is a good start to understand the cluster patterns from the 

simplest situation. However, for each patient, health events are connected. GP may take a quick 

review of the patient’s previous attendances and personal medical history before meeting the 

patient. When making clinical decisions, GP may take the previous consultations into account. 

Therefore, in the second step, patients’ potential LC symptoms were situated in a broader and 

relevant clinical context. Other consultations in the whole sequence, i.e. GP and practice nurse 

attended to patients’ general care needs (e.g. wound dressing, flu vaccination), were excluded 

from both ‘steps’, as they were less relevant to the research interest of this study (LC). Excluding 

them in the subgroup analysis was to reduce unnecessary noise in the sequences, and enable us 

to find meaningful patterns. The reasons for patients’ presentation were in three states, and the 

GP actions in five states, leading to 15 combined states in total. Table 6.3 presents the frequency 

of the combined states in the subgroup analysis, taking up 13.8% (1,232/8,896) of all 
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consultations. Step 1 included the five states in column 2 of Table 6.3 (Pt-1), while step 2 included 

the states in all three columns. The results of step 2 are reported in the next section.  

 

Table 6.3 – Frequency of the combined states in the subgroup analysis, n(%) 

N=1,232 Pt-1: Potential 

LC symptoms 

Pt-2: Other 

cardiorespiratory 

presentation 

Pt-3: Other alarm 

symptoms 

GP-1: CXR/rapid referral 118 (9.6) 10 (0.8) 4 (0.3) 

GP-2: Other tests/investigations 

(not related to LC) 

115 (9.3) 33 (2.7) 85 (6.9) 

GP-3: Prescriptions 242 (19.6) 37 (3.0) 29 (2.3) 

GP-4: Review/advice 114 (9.3) 241 (19.6) 61 (5.0) 

GP-5: Did nothing 40 (3.2) 61 (4.9) 42 (3.4) 

Column total 629 (51.1) 382 (31.0) 221 (17.9) 

Note: the denominator in this table was the total number of events (N). 

 

6.4.2 Sequence profile 3: LC symptom sequences in subgroup analysis 

Individual sequences were sorted by the number of visits related to potential LC symptoms, 

presented in Figure 6.8 (left). Most patients consulted once (47.8%, 141/295) or twice (24.4%, 

72/295) with potential LC symptoms, median 2, IQR [1, 3], but a small number of patients 

consulted more than six times (3.4%, 10/295), as shown in the state distribution plot in Figure 6.8. 

For patients having more than two visits of potential LC symptoms, the median interval between 

two visits of potential LC symptoms was 61.5 days, IQR [16, 217] days. A detailed description of 

the number and interval of patients’ presentations of potential LC symptoms is in Table 6.4.  
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Figure 6.8 – Sequence index plot (left, sorted by the number of visits) and state distribution plot 

(right) for LC symptom sequences 

Table 6.4 – The number of consultations related to potential LC symptoms and the intervals 

between two visits (days) 

Visits n Interval between n and (n-1) visit Visits n Interval between n and (n-1) visit 

1 141 NA 6 3 28.5 [7, 125] days 

2 72 103 [20, 297] | Median [IQR] 7 4 30 [7, 132] 

3 37 53 [14, 194] days 8 1 73 [4, 78] 

4 19 45 [15, 133]  9 1 41 [21, 61] 

5 16 50 [20, 139] ≥10 1 8 [6, 8] 

Note: n – the number of patients, e.g. 141 patients presented only once with potential LC 

symptoms; therefore, the interval between two visits was not applicable (NA). For patients with 

two visits, the descriptive statistics of the interval was between the second (n) and the first (n-1) 

visit; for patients with three visits, the interval between the first and second visit was already 

summarised in No. 2; the interval in 3 was between the third (n) and the second (n-1) visits, and 

so on. There was only one patient with 14 visits. Therefore, interval ≥10 was the result of that 

patient from 10-14 visits.  

Prescription was the most common GP action for patients presented with potential LC symptoms, 

twice as many as ordering CXR/making a referral to a chest physician, other tests or investigation, 

review or providing health advice. These three states had a similar percentage (Table 6.3), while 

no GP action was in a small percentage (coloured as grey at the bottom of the figure). For the ten 

most frequent visitors (presented with potential LC symptoms for ≥6 times), prescription (33.8%, 

26/77) was still the dominant GP action, followed by CXR/referral and advice (both 19.5%, 15/77). 

No GP action (14.3%, n=11) was slightly higher than tests for non-LC investigation (13.0%, n=10).   
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Based on the presentation in Figure 6.8, it is more sensible to construct sequences by visit, rather 

than to spread the small number of events in a timeline of 29 months, which is not helpful to find 

patterns with a very dominant ‘non-attendance’ state in each month. In addition, without a 

clinical diagnosis of LC, timing in a calendar month is less important. Data-driven and constant 

substitution costs in OM (OM[1, TR] and OM[1,2]) could be used to analyse sequences of unequal 

length, and to compare the similarity and differences of typologies between the two ways of cost 

setting. 

6.4.3 Dendrograms and regression trees for LC symptom sequences 

6.4.3.1 Substitution cost matrix 

The difference between OM[1, TR] and OM[1, 2] was in the substitution cost matrix. The indel cost 

was 1 in both. In OM[1, 2], the substitution costs were a symmetric matrix of 2, with the value of 0 

in the diagonal. IN OM[1, TR], they were proportional to the transition rate among states, between 

1.57 and 1.86 in Table 6.5. Transitions between two states that happened more often cost less. It 

was more economical to use substitution in OM[1, TR] than dual action of deletion and insertion in 

OM[1, 2]. The substitution cost matrix is reported for two reasons: one is to know the substitution 

costs among the five states related to potential LC symptoms. The differences in substitution 

costs between OM[1, TR] and OM[1, 2] have implications on the dissimilarity matrix of sequences. The 

second reason is that these costs could provide empirical references for future studies of this kind 

to set the substitution cost. Given that the sequences were in unequal lengths, substitution may 

not be used very often, as direct insertion or deletion may cost less than substitution, to make the 

sequence with equal length and identical to another.  

Table 6.5 – Substitution cost matrix of OM[1, TR] for LC symptom sequences (subgroup analysis-1) 

 No action CXR/Referral Other tests Prescriptions Advice 

No action 0     

CXR/Referral 1.86 0    

Other tests 1.76 1.57 0   

Prescriptions 1.58 1.57 1.59 0  

Advice 1.77 1.71 1.58 1.59 0 
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Note: all patient states were potential LC symptoms in this subgroup analysis. To avoid 

redundancy, here only put the five GP states in the table heading. 

6.4.3.2 Dendrograms – the clustering structure of sequences 

There were 95 distinct sequences of all 295 sequences, which meant that the other 200 

sequences were identical with one of the distinct sequences. No operations were needed for the 

identical sequences. Therefore, their distance was 0. The height in the dendrogram was the 

distance to group sequences in clusters at each step. Due to a large number of identical 

sequences, the first quartile and the median of distance were 0, and the third quartiles were 1.27 

in both OM[1, TR] and OM[1, 2]. The maximum distance to group all 295 sequences was 22.58 in OM[1, 

TR] and 26.51 in OM[1, 2], which was understandable, as substitution costs in OM[1, 2] were bigger 

than those in OM[1, TR]. The two dendrograms in Figure 6.9 demonstrated how the LC symptom 

sequences were grouped by Ward’s method using the dissimilarity matrices calculated by OM[1, TR] 

and OM[1, 2], respectively. Based on the structures of dendrograms, four clusters may be a good 

option for both OM[1, TR] and OM[1, 2] algorithms. Otherwise, if the node continued to split, 

sequence No. 295 would be in a single cluster. The following subsections further explain why four 

clusters made a good typology.  

 

Figure 6.9 – Dendrograms of OM[1, TR] (left) and OM[1, 2] (right) for the LC symptom sequences 

(subgroup analysis-1) 

6.4.3.3 Regression tree – how patterns in clusters changed by splitting the nodes in the 

dendrogram 

Regression tree is a very useful way of graphical presentation to illustrate how the pattern of 

clusters changes by splitting the nodes in a tree-structured dendrogram. Figure 6.10 illustrates 

this process for OM[1, TR] and OM[1, 2]. We could see new patterns emerge step by step, which is 

very helpful to decide on the number of clusters empirically. As Figure 6.9 (dendrogram) and 
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Figure 6.10 (regression tree) show, both trees should stop at Step 4, because there is only one 

sequence in a cluster at Step 5.  

6.4.3.4 Deciding the optimal number of clusters for the typologies 

From a statistical perspective, the optimal number of clusters could be chosen from the highest 

ASW value, by calculating and comparing the ASW values among the number of clusters ranging 

from 2 to 9. The results returned that 9 clusters had the highest ASW value, 0.321 for OM[1, TR] and 

0.371 for OM[1, 2]; and the lowest ASW values, 0.263 for 6 clusters in OM[1, TR] and 0.293 for 3 

clusters in OM[1, 2], which was not a big difference. The ASW values in OM[1, 2] were larger than 

those in OM[1, TR]. Although ASW values indicated that 9 clusters were the best solution 

statistically, it would end up with some clusters only having a few sequences. Such a solution may 

not be optimal in practice and probably limited its further applications. It may be more reasonable 

to choose the typologies of 4 clusters for both OM[1, TR] and OM[1, 2], based on the subjective 

criteria – clusters provided distinctive information and also made sense in the research context 

(interpretation of cluster patterns in later subsections). The clustering structure and typologies 

from OM[1, TR] and OM[1, 2] were similar, but they had different numbers of sequences in each 

cluster. For a solution of 4 clusters, the ASW was 0.292 in OM[1, TR] and 0.323 in OM[1, 2]. A higher 

value indicated a better clustering structure. The decision on the best typology can be confirmed 

after interpreting the meaning of the cluster patterns. 
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Figure 6.10 – Regression tree demonstrating how the cluster patterns changed step by step in OM[1, TR] (left) and OM[1, 2] (right) for the LC symptom sequences 
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6.4.4 Comparison and interpretation of the cluster patterns in the typologies of LC 

symptom sequences 

Figure 6.11 presents the typologies of OM[1, TR] (left) and OM[1, 2] (right) for the LC symptom 

sequences. The patterns for four clusters in OM[1, TR] and OM[1, 2] are generally similar. There are 

ten more sequences in Cluster 4 by OM[1, TR] than that by OM[1, 2] (47 vs 37), but two sequences 

less in Cluster 1, and 4 sequences less in Clusters 2 and 3, respectively. The differences between 

the two typologies were due to the cost setting schemes (data-driven vs constant). Using 

substitution in OM[1, TR] for sequences with similar lengths cost less, but for sequences with 

different lengths, direct insertion or deletion may cost less. 

 

 

Figure 6.11 – The typologies (4 clusters) of OM[1, TR] (left) and OM[1, 2] (right) for the LC symptom 

sequences 

The ten more sequences in Cluster 4 of OM[1, TR] resulted in a larger proportion of CXR/referral in 

the first two visits (in pink), and GP advice at Visit 2 (in light blue, both marked with red boxes). 
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These two parts were likely to be from Clusters 2 and 3 of OM[1, 2] (4 sequences for each), 

respectively. It was difficult to judge whether the ten sequences were misclassified, because there 

was no gold standard to classify the cluster membership for sequences. However, it made more 

sense for those ten sequences to join in respective clusters of OM[1, 2] based on the identified 

cluster patterns, which may explain why OM[1, 2] had a slightly better clustering structure indicated 

by ASW. Therefore, the typology of OM[1, 2] was considered a better typology and analysed 

afterwards. 

6.4.4.1 Interpretation of the cluster patterns of OM[1, 2] in the LC symptom sequences 

Cluster 1 (n=133): Most patients had only one visit of potential LC symptoms and GP ordered tests 

(in green), prescribed medications (in yellow), or no specific action (in grey). The percentage 

dropped rapidly in the second visit; 

Cluster 2 (n=65): GP ordered CXR or referred the patients to a chest physician for potential LC 

symptoms (in pink); 

Cluster 3 (n=60): GP reviewed patients’ potential LC symptoms and offered advice (in light blue); 

Cluster 4 (n=37): Patients had multiple consultations of potential LC symptoms and received 

repeated medications (in yellow). 

6.4.4.2 Further explanations of the mechanism of grouping sequences 

In Cluster 1 of OM[1, 2], there was a big proportion of prescriptions (in yellow) at Visit 1. It seemed 

odd that this part did not join in Cluster 4. But that was why the algorithm is called ‘optimal’ 

matching. Sequences in Cluster 1 was the shortest among the four clusters. Most patients had 

only one visit. It only needs one substitution to make the sequences identical. The distances 

between these sequences were short, cost=2 in OM[1,2]. Even for patients with two visits, only one 

insertion or deletion can make the sequences identical, which cost 1. However, sequences were 

longer in Cluster 4. Sequences in Cluster 1 need more operations to be the same as those in 

Cluster 4. Therefore, they cost more and the distances were larger. Patients in Cluster 4 had more 

long-term health problems, while patients in Cluster 1 just had some transient symptoms (e.g. 

cough) and very few visible parts in pink (CXR/referral for potential LC symptoms) in the figure. 

The percentages of patients with COPD in Cluster 4 (27.0%, 10/37) and Cluster 2 (26.2%, 17/65) 

were higher than those in Cluster 1 (18.1%, 24/133) and Cluster 3 (15.0%, 9/60). Therefore, the 

clustering solution is sensible. The comorbidity status of patients in different clusters is reported 

and further discussed in the next chapter.  
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In the four clusters, there were one or two dominant states, and other states were in small 

percentages. This was because the states at each visit were aggregated from the sequences in 

respective clusters to allow us to understand the cluster patterns over time. Without such 

aggregation, it would be impossible to interpret the pattern from individual sequences. But at the 

individual level, how GP responded to a patient’s potential LC symptoms was different. For 

example, GPs may prescribe antibiotics for the symptom first, before ordering CXR or making a 

referral. What reflected in the figure of Cluster 2 was the states in yellow at the first visit (GP 

prescribed medications), and states in pink at the second visit (CXR/referral). The same situation 

could occur at later visits (yellow in Visit 2, pink in Visit 3, and so on). This example explained why 

there was a small part of yellow at Visits 1-3 in Cluster 2. This sequential pattern was also 

identified as one of the most frequent sub-sequences in Cluster 2 by event sequence analysis 

(event SA). Although event SA fragments the sequences, it is still helpful to provide information to 

facilitate the understanding of how the algorithm works and the sequential event patterns 

within each cluster.  

 

6.4.5 The most frequent LC symptom sequences in each cluster of the typology by OM[1,2] 

Figure 6.12 presents the five most frequent (whole) LC symptom sequences in each cluster by 

OM[1, 2], with the coverage of the cluster from around 62% (Clusters 2 and 3) to 80% (Cluster 1). 

The height of the bars is proportional to the sequence frequency in each cluster. Therefore, the 

height gradually shortens from the bottom to the top. The presentation of the most frequent 

sequences supports the analysis and explanation of the cluster patterns in the previous 

subsection. Sequences in Cluster 1 were the shortest, where the three most frequent sequences 

had only one state. Cluster 4 had the longest sequences – patients received multiple prescriptions 

after presenting with potential LC symptoms (at least twice, up to five times). 
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Figure 6.12 – The five most frequent LC symptom sequences in each cluster by OM[1, 2] 

6.4.6 Event SA for LC symptom sequences in each cluster of the typology by OM[1,2] 

6.4.6.1 Explanations and examples of the results from event sequence analysis 

Event sequence analysis was conducted in each cluster of the typology by OM[1,2] (see Table 6.6). 

The table provides useful but not exhaustive or repetitive information to understand the 

sequential patterns in each cluster. Repetitive patterns were only reported once to avoid 

redundancy. The table is organised by the frequency of sub-sequences in descending order. 

Sequential events linked by the symbol “>” are consecutive (e.g. No. 4 sub-sequence in Cluster 2). 

Those linked by “-” are intermittent events, and may have other events in between (e.g. No. 2 

sub-sequence in Cluster 1). Those marked with “>%” means the last event of the sequence. Notes 

are added in navy blue by the side of the sub-sequences to help readers make sense of the event 

sequences. Even in small percentages, some interesting event patterns are reported (e.g. Cluster 

3, No. 5 and 6).  

Here are some short examples of how sub-sequences could assist the interpretation of the cluster 

patterns in Figure 6.11. In Cluster 1, 75 patients (56.4%) had “Prescription” at the last position of 

the sequences (No. 1 sub-sequence, marked with “>%”), which could be at Visit 1, 2, 3… In Cluster 

2, 14 patients (21.5%) had “Prescription” (No. 3 sub-sequence), and 13 of them (20%) had a 

subsequent “CXR/Referral” (No. 4 sub-sequence). The frequency and percentage were counted by 

patient, not at the event level. 
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Table 6.6 – The common sub-sequences in the four clusters of LC symptom sequences by OM[1,2] 

No. Cluster 1, based on 133 sequences % Count 

1 
(Prescription>%) [Note: “>%” means the last event of the 

sequence] 

56.4% 75 

2 
(Prescription) - (Prescription>%) [Note: something else may 

happen between the bar “-”] 

44.4% 59 

3 (Other tests/investigation>%) 33.1% 44 

4 (Other tests/investigation) - (Other tests/investigation>%) 24.8% 33 

5 
(No GP action) [Note: in first and second visits, in grey colour 

of the figure] 

10.5% 14 

Note: the frequency and percentage of sub-sequences were counted by patient, not by event. 

No. Cluster 2, based on 65 sequences % Count 

1 (CXR/Referral>%) 72.3% 47 

2 (CXR/Referral) - (CXR/Referral>%)  52.3% 34 

3 (Prescription) 21.5% 14 

4 (Prescription > CXR/Referral) [Note: two consecutive events] 20.0% 13 

5 (CXR/Referral > Prescription) 18.5% 12 

6 (Prescription > CXR/Referral) - (CXR/Referral>%)  18.5% 12 

 

No. Cluster 3, based on 60 sequences % Count 

1 (GP Advice>%) 83.3% 50 

2 (GP Advice) - (GP Advice>%) 55.0% 33 

3 (Prescription > GP Advice) 20.0% 12 

4 (Other tests/investigation > GP Advice) - (GP Advice>%) 15.0% 9 
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5 (GP Advice) - (GP Advice > Other tests/investigation) 10.0% 6 

6 (GP Advice > CXR/Referral)  10.0% 6 

 

No. Cluster 4, based on 37 sequences % Count 

1 (Prescription) 83.8% 31 

2 (Prescription) - (Prescription>%) 73.0% 27 

3 (Prescription) - (Prescription > GP Advice) 16.2% 6 

6.4.6.2 Similarities and differences between the most frequent sequences and event 

sequence analysis 

Readers may find some similar patterns identified by both the most frequent sequences and 

event sequence analysis. The main difference is that the most frequent sequences are the whole 

sequences, while sub-sequences are fragments of the whole sequences. The whole sequence can 

be broken down at the event level. A, CE, ABD, and ABDE are sub-sequences of ABCDE. For short 

sequences like LC symptom sequences, you may find lots of overlapping patterns between the 

two methods. 

Because LC symptom sequences were relatively simple, with only five states and high 

homogeneity (95 distinctive sequences out of 295). Therefore, it was possible to use a sequence 

frequency plot to present the most frequent sequences for each cluster. For highly 

heterogeneous sequences, it is not always possible to select a few sequences to reach a certain 

threshold (e.g. 25%) and to represent others. But event SA can always find sequential 

fragmented event patterns, from either homogeneous or heterogeneous sequences. Sequential 

patterns from event SA and the most frequent sequences provide distinctive and complementary 

information for readers to better understand the patterns in each cluster.  

6.4.7 Brief summary and learning points: the analytical process of LC symptom sequences 

SA can classify LC symptom sequences and identify the patterns. Although the pattern of the two 

typologies looks generally similar, the number of sequences is slightly different in respective 

clusters. Each of the four clusters provides distinctive information and does not overlap with 

others (good discrimination of cluster pattern). The five most frequent sequences were identified 

for each cluster by OM[1, 2]. As a subsidiary method, event SA helped us further understand the 
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sequential pattern of events in each cluster in text, complementing the graphical presentation. 

Interpreting the cluster patterns by triangulating the results from state SA and event SA can get 

a holistic perspective of the LC symptom sequences.  

An important lesson from the exploration in this section is that the highest value of the statistical 

indicator (ASW) is not necessarily the optimal number of clusters in the empirical context. The 

differences in ASW values from 2 to 9 clusters were marginal (0.26-0.37). Therefore, other 

pragmatic considerations were more important, like the number of clusters, the number of 

sequences in each cluster, the interpretability of the cluster patterns related to the research 

context, and further application and the implication of clusters in practice. When it came to 

choosing the better typology between OM[1, TR] and OM[1, 2], as four clusters were considered the 

best solution for both algorithms, and the main difference was in the cluster membership, the ten 

sequences in Cluster 4 of OM[1, TR] made more sense to join in respective clusters of OM[1, 2], as 

explained in subsection 6.4.4. In addition, OM[1, 2] had a bigger ASW value, which indicated a 

better clustering structure. All of these made OM[1, 2] the better solution. Similarly, in the study by 

Hougham et al. (2014)(in the systematic scoping review), the authors did not choose the final 

solution with the highest ASW (0.26 for 2 clusters), but considering the cluster quality, 

discrimination between the clusters of sequences, and the sample size for each cluster together, 

and chose eight clusters (ASW=0.14) as the final solution. Researchers should go through and 

compare different solutions, make sense of the cluster patterns, consider thoroughly and 

exercise judgement to come up with the optimal solution. 

 

6.5 Subgroup analysis 2 – potential LC symptoms situated in smoking-

related comorbidities and other alarm symptoms 

6.5.1 Sequence profile 4: high-risk sequences 

6.5.1.1 The whole high-risk sequences 

The high-risk sequences were more complex than those including potential LC symptoms only. 

Sequence length ranged from 1 to 27, median 3, IQR [2, 5]. The median interval between two 

high-risk consultations was 57 days, IQR [20, 161] days. The sequence length and interval of visits 

were heavily right-skewed. The frequency of the 15 states was already present in Table 6.3. The 

state distribution plot by visit is in Figure 6.13. The states are in the same order as they are 

numbered in the legend, from the bottom to the top. Besides the four states about how GP 
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managed patients with potential LC symptoms, the tenth state “GPs reviewed or offered advice 

for patients with cardiorespiratory presentations” in ‘sky blue’ and the 13th state “GP ordered 

tests or investigated other alarm symptoms” in ‘sea-green’ are more visible in the figure, as they 

have higher frequencies.   

 

Figure 6.13 – The state distribution plot for the high-risk sequences (subgroup analysis-2) 

 

6.5.1.2 Introducing a common reference point in the sequences – the first observed 

presentation of potential LC symptoms 

The interpretation of the sequences is limited, if the sequences do not start from the same 

reference point. For example, in Figure 6.13, the state “LC symptoms | CXR/Referral” in light pink 

is sporadic after Visit 4. Without a reference event, we could not know whether that was the first 

time patient presented with potential LC symptoms and GP ordered CXR/made a referral (three 

other non-LC symptom consultations happened before), or that visit was the fourth time patient 

presented with potential LC symptoms. Introducing a common reference point for all the 

sequences, i.e. the first observed presentation of potential LC symptoms, and left truncating the 

sequences, can help us know what happened after the reference point and make the sequences 

more comparable, as they have the same starting point. Visit 1 is the first observed presentation 

of potential LC symptoms. The patients may have presentations of potential LC symptoms before 

the starting point of this study, but this is the best possible way to make sense of the high-risk 

sequences. After truncation, the new state distribution plot is presented in Figure 6.14. The 

sequences after the first presentation of potential LC symptoms were used in this set of subgroup 

analysis. After finalising the clusters, the left-truncated parts are added back in each cluster to 

obtain a full picture of the whole high-risk sequences.  
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Figure 6.14 – State distribution plot for the high-risk sequences after the first presentation of 

potential LC symptoms 

6.5.2 Dendrograms and regression trees for the high-risk sequences 

6.5.2.1 Dendrograms and the outlier sequence 

Among the 295 truncated high-risk sequences, there are 181 distinct sequences. Figure 6.16 

presents the dendrograms of high-risk sequences in subgroup analysis by OM[1, TR] (top panel) and 

OM[1,2] (bottom). The two dendrograms on the left include all 295 sequences. Sequence No. 295 

at the upper right corner is an outlier (26 visits), shown in Figure 6.15. Most of the states in this 

outlier sequence were GP offered advice for patients presented with other alarm symptoms. After 

removing the outlier, the longest sequence consisted of 17 visits. The whole analysis was run 

again. The new dendrograms by OM[1, TR] and OM[1,2] are presented on the right side of Figure 

6.16. To avoid redundancy, the substitution cost matrices of OM[1, TR] are in Appendix D.  

 

 

Figure 6.15 – An outlier high-risk sequence in subgroup analysis 2 
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Figure 6.16 – Dendrograms of the high-risk sequences (top: OM[1, TR]; bottom: OM[1, 2]; left: all 295 sequences; right: after excluding the outlier sequence)

       OM[1,TR]  OM[1,TR] 

    All 295 sequences         After excluding outlier 

  

       OM[1,2]  OM[1,2] 

    All 295 sequences         After excluding outlier 
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6.5.2.2 Regression tree and deciding the number of clusters 

Based on the structures of the dendrograms, there are some possible solutions for OM[1, TR] and 

OM[1,2] algorithms. Regression trees in Figure 6.17 show how the cluster patterns changed in OM[1, 

TR] and OM[1, 2] as the nodes in the dendrogram are split. The regression trees stop growing at Step 

5 in OM[1, TR]  and Step 6 in OM[1, 2] due to repetitive patterns in both. ASW values were calculated 

and compared among different solutions, and again, the optimal solution based on the highest 

ASW value (statistical criterion) was not ideal in the empirical context. It is more important that 

the cluster patterns make sense in the empirical context. Therefore, the ASW values are not 

reported here.  

  

Figure 6.17 – Regression tree of the high-risk sequences by OM[1, TR] (left) and OM[1, 2] (right) in 

subgroup analysis 2 (after excluding the outlier sequence, n=294) 

6.5.3 Comparison and interpretation of the cluster pattern in the typologies of high-risk 

sequences 

The typologies of the high-risk sequences by OM[1, TR] and OM[1, 2] are presented in Figure 6.18. It is 

considered the cluster patterns by OM[1, 2] have better differentiation than those by OM[1, TR]. 

Clusters 1 and 4 in OM[1, 2] are like a split from Cluster 1 in OM[1, TR], while in OM[1, TR], they are 
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mixed together. Such differentiation is useful and relevant to the RQ, by separating the GP actions 

between ordering tests to investigate symptoms and offering advice only. The other three cluster 

patterns are similar between OM[1, TR] (Clusters 2-4) and OM[1, 2] (Clusters 2, 3, 5). Therefore, the 

typology by OM[1, 2] is a better result. 

  

Figure 6.18 – Typologies of high-risk sequences by OM[1, TR] (left) and OM[1, 2] (right) in subgroup 

analysis 2 

The cluster patterns of the high-risk sequences by OM[1, 2] are more complicated than those of 

potential LC symptoms only in the previous section. Here is the interpretation of the main 

patterns in the five clusters. 

 Cluster 1 (n=57): GP requested other tests for potential LC symptoms (in light green, in the 

first two visits) and no GP action (in grey, first visit); 

 Cluster 2 (n=118): GP prescribed medications for patients with potential LC symptoms in the 

first three visits (in yellow); 
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 Cluster 3 (n=53): GP ordered CXR and/or referred the patients with potential LC symptoms (in 

pink, the first two visits), prescribed medications for potential LC symptoms, and GP offered 

advice for cardiorespiratory presentations (the second and third visits); 

 Cluster 4 (n=52): GP offered advice (in light blue, major pattern) and prescribed medications 

(minor pattern) for potential LC symptoms in the first three visits; 

 Cluster 5 (n=14): GP offered advice for cardiorespiratory presentations (after the second visit, 

in sky blue, the main pattern) 

Most states in the outlier sequence (Figure 6.15) were GP offered advice for patients presented 

with other alarm symptoms, which explained why it strongly deviated from the other sequences 

and did not fit in any of the five clusters above. The non-LC symptom states only occurred in 

Cluster 5 as a major pattern. This was the new information that did not appear in the typologies 

of the LC symptom sequences, as these states were not included in the previous analysis. In 

addition, the LC symptom states were not just in the first three visits of Cluster 5, but appeared 

across visits, with non-LC symptom states in between. For example, “LC symptoms | CXR/referral” 

in pink was visible at Visits 2-4, 7 and 10. This cluster was quite different from the other four 

clusters. We could not know whether the other health conditions (e.g. COPD) distracted patients’ 

attention from the potential LC symptoms, when they explained their health problems to their 

GPs, or that was related to the habit of GP recording health events (e.g. GP only recorded COPD 

but not the symptoms). 

6.5.4 Representative high-risk sequences in each cluster of the typology by OM[1,2] 

Figure 6.19 presents the five most frequent high-risk sequences in five clusters by OM[1, 2]. The 

coverages are from around 36% (Cluster 5) to 54% (Cluster 1), substantially less than those in the 

LC symptom sequences (62%-80%). The main reason was that the sequences became more 

complex and heterogeneous because ten more states were added to the sequences. Notably, the 

five sequences in Cluster 5 were randomly selected by the statistical programme, rather than 

representative, as 5/14=35.7%. Each sequence in Cluster 5 is unique. Despite this, we can still see 

several consecutive states of “GP offered advice for patients with cardiorespiratory 

presentations” in ‘sky blue’ at the middle or the end of the five sequences. The 4th and 5th 

sequences in Cluster 3 are only one sequence for each (1/53=1.9%). These two examples 

demonstrate the point mentioned in subsection 6.5.2.2 – it could be difficult to select 

representative sequences for complex and heterogeneous sequences. The software can give you 

the number of the most frequent sequences you want, but it cannot guarantee the coverage 

and representativeness of sequences. For the rest of the four clusters, most sequences just have 

1-2 states, and most of these states are still related to GP actions for potential LC symptoms, with 
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some sporadic state of “GP offered advice for patient’s cardiorespiratory presentations” at Visit 2. 

There are two possible explanations for this. One is because the first state is an LC symptom-

related state as a reference point. The second explanation is that LC symptom states still have 

higher frequencies and percentages than the other ten states. Therefore, it means that situating 

the potential LC symptoms in ten clinically relevant states does not actually add more new 

information, but perhaps increases more noise in this study. 

 

Figure 6.19 – The five most frequent high-risk sequences in each cluster by OM[1, 2] 

6.5.5 Event SA of high-risk sequences in each cluster by OM[1,2] 

Some interesting sequential patterns were revealed by event SA in each cluster. Only informative 

patterns are reported in Table 6.7, leaving out the repetitive ones. The longer the common sub-

sequences, the smaller the percentages are. Some of the patterns were already reported in Table 

6.6, as the high-risk sequences were the expansion of the LC symptom sequences with ten more 

states. Besides the five GP responses to potential LC symptoms on patients, only one additional 

high-risk state was picked up by event SA, i.e. GP advice for cardiorespiratory presentation, mostly 

after the four combined LC symptom states (CXR/referral, other tests, prescription, and GP 
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advice). Other events were less frequent. Interesting consecutive events are in bold and in navy 

blue in Table 6.7. Once again, there are some differences in the identified patterns between the 

most frequent sequences and event SA.  

Table 6.7 – The common sub-sequences in the five clusters of the high-risk sequences by OM[1,2] 

No. Cluster 1, based on 57 sequences % Count 

1 (LC | Other tests) 73.7% 42 

2 (LC | Other tests) - (LC | Other tests>%) 42.1% 24 

3 (LC | No GP action) 22.8% 13 

Note: LC is short for potential LC symptoms; “|” separates the patient and the GP part, i.e. patient 

| GP parts; “-” means other events may happen between the bar; “>” means two consecutive 

events. “>%” means the last event/state in the sequence. 

 

No. Cluster 2, based on 118 sequences % Count 

1 (LC | Prescriptions) 89.0% 105 

2 (LC | Prescriptions) - (LC | Prescriptions>%) 48.3% 57 

3 (LC | Prescriptions > Cardiorespiratory | GP advice) 17.8% 21 

4 
(LC | Prescriptions) - (LC | Prescriptions > Cardiorespiratory | 

GP advice) 

15.3% 18 

5 (Cardiorespiratory | GP advice>%) 13.6% 16 

 

No. Cluster 3, based on 53 sequences % Count 

1 (LC | CXR/Referral) 88.7% 47 

2 (LC | CXR/Referral) - (LC | CXR/Referral>%) 35.8% 19 

3 (LC | CXR/Referral > LC | Prescriptions) 20.8% 11 
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4 (LC | CXR/Referral > Cardiorespiratory | GP advice) 18.9% 10 

5 (LC | CXR/Referral) - (LC | CXR/Referral > LC | Prescriptions) 17.0% 9 

6 
(LC | CXR/Referral) - (LC | CXR/Referral > Cardiorespiratory | 

GP advice) 

17.0% 9 

7 
(LC | CXR/Referral > Cardiorespiratory | GP advice) - 

(Cardiorespiratory | GP advice>%) 

13.2% 7 

8 
(LC | CXR/Referral) - (LC | CXR/Referral > Cardiorespiratory | 

GP advice) - (Cardiorespiratory | GP advice>%) 

11.3% 6 

 

No. Cluster 4, based on 52 sequences % Count 

1 (LC | GP advice) 75.0% 39 

2 (LC | GP advice) - (LC | GP advice>%) 38.5% 20 

3 (LC | Prescriptions) 19.2% 10 

4 (LC | Prescriptions > LC | GP advice) 17.3% 9 

5 (LC | Prescriptions) - (LC | Prescriptions > LC | GP advice) 15.4% 8 

6 (LC | GP advice > LC | Other tests) 15.4% 8 

7 (LC | GP advice) - (LC | GP advice > LC | Other tests) 11.5% 6 

8 (LC | GP advice > LC | CXR/Referral) 11.5% 6 

 

No. Cluster 5, based on 14 sequences % Count 

1 (Cardiorespiratory | GP advice>%) 64.3% 9 

2 (LC | Other tests > Cardiorespiratory | GP advice) 50.0% 7 
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3 
(LC | Other tests) - (LC | Other tests > Cardiorespiratory | GP 

advice) 

35.7% 5 

4 
(LC | Other tests > Cardiorespiratory | GP advice) - 

(Cardiorespiratory | GP advice>%) 

28.6% 4 

5 (LC | Prescriptions > Cardiorespiratory | GP advice) 28.6% 4 

6 
(LC | CXR/Referral > Cardiorespiratory | GP advice) - 

(Cardiorespiratory | GP advice>%) 

21.4% 3 

7 
(LC | Prescriptions) - (LC | Prescriptions > Cardiorespiratory | 

GP advice) - (Cardiorespiratory | GP advice>%) 

21.4% 3 

8 (Cardiorespiratory | GP advice > LC | Prescriptions) 21.4% 3 

 

6.5.6 The left-truncated part – events happened before the first observed presentation of 

potential LC symptoms 

The left-truncated high-risk states (called pre-1st LC SYM sequences) joined the typology of the 

high-risk sequences by OM[1,2]. Based on the cluster membership, the pre-1st LC SYM sequences 

were matched and presented by cluster to get a full picture of the whole high-risk sequences. 

The left-hand side of Figure 6.20 is the pre-1st LC SYM sequences, with the x-axis from Pre10 to 

Pre1. It means there are up to 10 events before the first observed presentation of potential LC 

symptoms. The frequency increases from Pre10 to Pre1. However, the frequency of Pre1 adding 

up from the five clusters is not 100%, as not every patient had a high-risk event before the first 

observed LC symptom. Among the 245 pre-LC SYM events, 36.7% (n=90, coloured in sky blue) 

were GP advice for cardiorespiratory presentation, 13.9% (34/245, in sea green) were GP ordered 

tests for patients with other alarm symptoms, and 11.4% (n=28, coloured in ivory) were no GP 

action for cardiorespiratory presentation. The other seven states were less frequent (<10%). 

States only appeared in the last two visits of the pre-1st LC SYM sequences in cluster 5, which was 

probably due to the small sample size of the cluster membership (n=14). The outlier sequence had 

only one pre-LC state, which was GP advice for cardiorespiratory presentation (not plotted). 
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Figure 6.20 – The state distribution plots before (left) and after (right) the first observed 

presentation of potential LC symptoms in the five clusters by OM[1,2] 

6.5.7 Comparison of the typologies between the two sets of subgroup analysis 

Figure 6.21 presents the typologies of LC symptom sequences (left) and high-risk sequences 

(right). Between the two cost setting schemes, constant cost OM[1,2] produced better results than 

OM[1, TR]. Comparing the two subgroup analyses, the similarity is that SA could classify different GP 

actions for potential LC symptoms. The difference is that one extra cluster is identified in high-risk 

sequences. The major pattern is GP advice for cardiorespiratory presentation. Adding ten more 

states provide limited extra useful information, as the percentages for most of the high-risk states 

are too small to influence the typology. Their presence in the typology (thin lines in different 

colours) increases substantial noises and makes the interpretation of the cluster patterns more 

difficult. Therefore, the result of LC symptom sequences (five LC states, four clusters) is 

considered a better solution between the two sets of subgroup analyses. The reasons are: 
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1. How GP managed patients presented with potential LC symptoms is the research interest. 

The LC symptom sequences are simpler and the results are more straightforward and with 

less noise; 

2. The typologies from LC symptom sequences and high-risk sequences are not substantially 

different, other than one more cluster with a small number of sequences, which could be 

explained by some variables of comorbidities (patients had specific cardiorespiratory 

diseases, and the total number of comorbidities counted from the GP notes); 

3. It is difficult and inappropriate to assign the outlier sequence back to any cluster of the high-

risk sequences, as it is essentially different from the current five cluster patterns. It is neither 

practical to make it as a cluster with only one sequence. 

  

Figure 6.21 – The typologies of LC symptom sequences (left) and high-risk sequences (right) by 

OM[1, 2] 

An important lesson is that states with high percentages have more influence on the results.  SA 

is still a descriptive tool. Using prior knowledge to specify states, leaving out less relevant events 
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or combining less frequent states, may help get more meaningful patterns. This point was 

previously mentioned in the systematic scoping review (see subsection 4.3.3).  

6.5.8 A brief summary and learning points: subgroup analysis of high-risk sequences 

In this section, the LC symptom states were situated among other high-risk states. There are some 

learning points gained from the exploration. Firstly, it could be helpful to use a reference point to 

construct sequences in a specific context. It is demonstrated in Figure 6.4 to use the date of 

cancer diagnosis as a reference point to organise the dates of health events backwards. Here, the 

first observed potential LC symptoms were used as a reference point to align all the high-risk 

sequences to make them comparable. The second lesson is that different dissimilarity measures 

and cost setting schemes should be tried, and the typologies should be compared to choose the 

one that fits the research context the best.  

The third lesson is that outlier sequences should be identified first, and the whole analysis 

should be run again, as Ward’s method is sensitive to outliers. One outlier sequence was 

identified, illustrated, and explained why it deviated from other sequences. Notably, the sequence 

number was not the same as the Patient ID. The sequences were sorted by the number of visits 

ascendingly before the graphic presentation. The outlier sequence in this section (patient ID 

07/029, presented with multiple alarm symptoms) is not the same patient as the sequence 

singled out at Step 5 in Figure 6.10 (patient ID 04/063, with 14 visits of potential LC symptoms).  

The fourth learning point is that the optimal number of clusters might not be consistent 

between the statistical indicator (ASW) and the empirical context. Making sense of the cluster 

patterns in the empirical context in a parsimonious manner should take precedence over the 

statistical indicator. The most frequent sequences and the patterns in text by event SA for each 

cluster further enhance the understanding of the graphical typology. The fifth lesson is that states 

with higher percentages have more influence on the result of typology. Although some states 

are important, they could not stand out in the typology due to low frequency. Grouping relevant 

states together would be a good strategy. This is the same as we could group similar categories 

together in a regression model, when there are small numbers in some categories of a nominal 

variable. The analytical approach and the lessons learnt from this subsection may be helpful for 

other researchers to conduct their own research. 
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6.6 High-risk primary care consultations among patients without 

potential LC symptoms during the observation period 

The previous two sections (6.4 and 6.5) presented the analytical process and the results of 295 

patients who presented with potential LC symptoms at least once. For the remaining 563 patients 

(858-295) without potential LC symptoms, 326 patients (57.9%, 326/563) had 767 primary care 

consultations about cardiorespiratory diseases and other alarm symptoms (the ten states 

included in the high-risk sequences of subgroup analysis 2). This section provides a brief overview 

of the sequence characteristics in this group of patients. The number of visits related to 

cardiorespiratory diseases and alarm symptoms ranged from 1 to 14, median 2, IQR [1,3]. The 

state distribution plot is presented in Figure 6.22. The three states with a percentage >10% are 

still GP advice for cardiorespiratory diseases (38.5%, 295/767), followed by No GP action for 

cardiorespiratory presentations (16.0%, n=123), and GP ordered tests investigating other alarm 

symptoms (14.3%, n=110). These three states account for almost 70% of the total consultations. 

The other seven states had less than 10% of events in each state. It is very rare that GP ordered 

CXR or referred the patients to a chest physician due to cardiorespiratory presentation 0.9% (n=7) 

or other alarming symptoms 0.4% (n=3).  

 

Figure 6.22 – State distribution plot for patients without potential LC symptoms but consulted 

cardiorespiratory diseases and other alarm symptoms (n=326) 
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6.7 General discussion of the methodological exploration and the 

empirical findings of the primary care sequences in the NAEDI study 

6.7.1 Summary of the methodological exploration in this chapter 

In this chapter, I tried to contextualise the application of SA to study primary care sequences 

among patients at high risk of developing LC using the NAEDI dataset. I applied the principles of 

SA to represent the primary care sequences involving interdependent patient-GP events, 

explained how the methodological decisions were made step by step, reported the whole process 

in detail, presented the results of SA in different types of figures, interpreted the cluster patterns, 

compared different approaches of subgroup analyses, and discussed the strengths, limitations, 

and implications of the methodological decisions in the previous sections. Through this chapter, 

one can see that SA is an exploratory process. To sum up, the research objectives and the 

methodological issues mentioned at the beginning of this chapter (section 6.1) have been fully 

addressed, explained as follows: 

1. Two ways to construct primary care sequences, by visits and in a timeline, were introduced. 

Sequences constructed in a timeline have the same length and interval, and thus have more 

choices of dissimilarity measures and cost settings (e.g. OM[1, TR], OM[1, 2] HAM, and DHD). In 

the subgroup analysis, it is more sensible to construct sequences by visits, rather than in a 

timeline, because spreading the small number of events over 29 months (the observation 

period) is not helpful to find useful patterns due to the presence of a very dominant state of 

‘non-attendance’ in each month. Although HAM and DHD were planned to compare with 

OM, it was not possible to conduct such analysis and make a comparison, because HAM and 

DHD could not be used to analyse sequences of unequal lengths. 

2. How different cost setting schemes (OM[1, TR] and OM[1, 2]) would influence the clustering 

structure was explored in two sets of subgroup analyses, which could be considered as 

sensitivity analysis. After comparing the results, the conclusion is OM[1, 2] in LC symptom 

sequences yields the best typology in this study.  

3. Criteria to help determine the optimal number of clusters were proposed, and further 

discussed in subsection 6.7.4 below.  

6.7.2 Simplification of the primary care events and categorisation into states 

States in SA need to be mutually exclusive. Therefore, complicated clinical information needs to 

be simplified. What happened in a 10-minute consultation becomes a state representing the main 

reason and outcome of the consultation. Some details are inevitably lost. It is quite challenging to 
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come up with a reasonable number of states that could represent a wide range of primary care 

events. Therefore, prior knowledge and judgement are essential when specifying the states, i.e. 

what events are more important than others in the research context, how to group the events 

into states that would be informative for the RQs, and how to rank the states in a hierarchy. The 

states in this study went through multiple steps, from thematic grouping of health events in free 

text to categories, grouping patients and GP categories into states individually, defining the 

hierarchy of states, and finally combining the patient and GP states together. The intention to do 

the final step is because understanding the patterns of interdependent patient-GP events is of 

interest in this study, but it might not be necessary to combine patient and GP events together in 

other research contexts. The process of using EHRs for research would be slightly different. 

Researchers need to decide the variables of interest, and then identify the Read/ICD codes for 

each variable. But the other steps remain the same. The whole process is time-consuming. 

However, if using SA in empirical research, time is well spent to consider and choose the right 

variables, and tailor the states for specific RQs, as the states will directly influence the outcome of 

the analysis. 

Patient’s health problem and GP actions are interdependent. It is not easy to distinguish patient 

events from GP events in health records. One example is the state ‘smoking cessation service’.  

We could not know whether the patients presented with health problems or simply wanted to 

quit smoking. Without further available information from the transcribed notes, the patient part 

was left blank and ‘smoking cessation service’ was coded as GP action. Furthermore, patient’s 

wishes and personal preferences would also influence GP’s action, especially in the advocate of 

“shared decision making” nowadays. Some patients may decline GP’s suggestions. In such 

situations, the transcribed note clearly stated that GP discussed available options with the 

patient, but the patient preferred specific treatments. For example, some patients presented with 

flu symptoms (cough, chest complaints) but explicitly expressed that they did not want antibiotics 

or steroids. Therefore, GP offered advice, and scheduled a follow-up appointment to see whether 

symptoms were alleviated/resolved or not, while some patients insisted on antibiotics. Very few 

patients even declined the offer to be referred to a specialist. All of these were anecdotes in the 

transcribed notes, but we could not know why patients made specific decisions from the notes. 

Although the outcome of the consultation was reflected on the GP’s part, patient’s preferences 

may play a role. 

6.7.3 Dissimilarity measures, cost settings, and the implications 

Researchers have greater flexibility to choose dissimilarity measures and cost settings when the 

sequences have equal length. Based on the methodological exploration in this chapter (and the 
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previous exploration in the HHRAD dataset during my doctoral candidature4), results 

(dendrograms and typologies) from different dissimilarity measures and cost settings can have 

substantial differences. As Studer and Ritschard (2016) commented, there is no universally 

optimal distance index. The choice of dissimilarity measure and cost setting depends on which 

aspect we want to focus on. Given that SA is exploratory in nature and there is no gold standard 

for the final typology, researchers should consider the research context, and try different options 

based on the given data and make sense of the typology. This process is like using other statistical 

methods we are more familiar with (e.g. regression). We may need to build and compare different 

models with different variables, and find one that fits the data and explain the research 

phenomenon the best.  

As mentioned earlier, the timing of primary care consultations relative to diagnosis is of research 

interest in empirical studies. It is better to use a relative timeline to align the sequences. A 

common meaningful reference event and/or time point is important to make the sequences 

comparable and the cluster patterns meaningful. For example, the date of cancer diagnosis is 

ideal as the endpoint of a milestone event, tracking all other relevant care events backwards, and 

align all the sequences in the same timeline. In the subgroup analysis of this study, the sequences 

were aligned by the first observed potential LC symptom.  

The interval of the timeline should be consistent with the research context. The choice of month 

as an interval for two years is appropriate, as it can provide an overview of the whole trajectories. 

The number of contacts in general practice is likely to increase in a period closer to diagnosis (e.g. 

six months before diagnosis). Week may be a better choice as an interval in such a circumstance, 

which was explored in the HHRA dataset previously. However, it is not recommended to use week 

as an interval for a long period before diagnosis, as the percentage of “no visit” could be high, and 

it is more difficult to identify useful patterns. In addition, states can be changed or more 

specifically tailored for different periods (e.g. six months or three years before diagnosis) to 

provide more useful information in the typology, as what I did in presenting the whole primary 

care sequences for background information, and tailoring the states for the two subgroup 

analyses. In summary, the choice of states and intervals should consider the research context (e.g. 

the length of the study period, and the timing related to diagnosis) and be tailored for specific RQ, 

rather than set in stone.  

                                                           

4 The contents and results of the HHRAD dataset was not reported in this chapter. Here only reported the 
learning points.  
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6.7.4 Determine the number of clusters and the implications for further statistical analysis 

Cluster analysis is an essential connecting step in the whole process of SA. It is based on the 

dissimilarity matrix of the pairwise sequences generated by SA, and the clustering structure 

greatly influences the final typology. In hierarchical clustering, the grouping of two sequences is 

done by searching for the shortest distance, indicating a great similarity between the two 

sequences, which is a local decision. These local choices, adding up together, may lead to 

considerable differences at a higher level. The best local choices cannot guarantee the best global 

clustering structure. Based on the literature review, this study uses a statistical indicator, ASW, to 

assess the clustering quality. From the dendrograms, heterogeneity could exist even for the 

sequences grouped in the same cluster, like the outlier sequence singled out at Step 5 of the 

regression tree in Figure 6.10. The ASW measures how similar a sequence is to its own cluster 

(homogeneity) compared with other clusters. In some clusters, great heterogeneity lowers the 

overall ASW values.  

As an unsupervised learning method, there is no golden rule to determine the number of clusters. 

For pragmatic reasons, the number of clusters should not be too large (e.g. over ten). If the 

number of clusters is over ten, similar clusters could be grouped together to decrease the cluster 

number. Based on the exploration in two sets of subgroup analysis, ASW should not be the key 

factor to determine the number of clusters in the typology. ASW indicates the quality of 

clustering, but a good clustering structure from the statistical perspective does not always explain 

the empirical research context in the best way. This partly explains why in most published articles, 

the number of clusters is often decided by researchers with informal criteria, i.e. based on the 

interpretation of cluster patterns in a specific research context. It is not very often to see authors 

reporting the clustering quality using objective statistical indicators. In empirical research, the 

interpretation of cluster patterns is more important and meaningful than those found by 

statistical indicators. The ASW values can provide researchers with objective measurements of the 

clustering structure among different solutions. If the differences of ASW values are not large, it 

indicates the quality of clustering is at the same level, it may reassure researchers to choose the 

one that fits the empirical contexts the best. The exploration in this study reinforces the comment 

that SA is a statistical method that sits somewhere between purely narrative and traditional 

variable analysis (Pollock, 2007), with a substantial part of subjective decision and 

interpretation.  

In some situations, it is possible to have more than one solution that the cluster patterns make 

sense in the research context. Should the typology be further used in other statistical analyses 

(e.g. regression model), researchers may pick one with pragmatic considerations such as the 
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number of clusters, the number of sequences (sample size) in each cluster. If the clusters are used 

as a dependent variable, more clusters could make the results in multinominal logistic regression 

more challenging to interpret. Results with a smaller number of clusters may have more 

advantages. Parsimony is the more favourable here.  

6.7.5 The empirical findings and the implications 

The intervals between two visits of potential LC symptoms (reported in Table 6.4) provide new 

information on the characteristics of help-seeking behaviours among high-risk patients. Based on 

the characteristics of primary care events, the sequences in the study sample were stratified into 

different subgroups and analysed separately. 

Subgroup 1: patients presented with potential LC symptoms (32.8%, 295 out of 899 patients). 

There are four clusters in this subgroup. GP actions reflected their perceptions of LC risk in 

patients.  

1) Cluster 1 (n=133): GP either ordered test or prescribed medications for transient LC 

symptoms; 

2) Cluster 2 (n=65): GP ordered CXR and/or referred the patients to a specialist for potential LC 

symptoms, which meant that GP suspected patients might have LC; 

3) Cluster 3 (n=60): GP reviewed patient’s symptoms and offered advice; 

4) Cluster 4 (n=37): GP prescribed medications repeatedly for patients presented with 

symptoms multiple times over a longer period. It was worth further investigation of this 

cluster in the empirical analysis (in the next chapter), to find out what patient characteristics 

could help explain the difference between this cluster and the others. 

Subgroup 2: patients visited GP but without potential LC symptoms during the observation 

period (62.6%, 563/899). Patients in this subgroup may be further divided into two clusters: 

a) Cluster 5 (high-risk consultations, 326/899, 36.3%): patients presented with cardiorespiratory 

diseases and/or other alarming symptoms indicating severe health problems; 

b) Cluster 6 (minimal care needs, 237/899, 26.4%): patients without high-risk presentations, 

they used primary care services only for minor health problems.  

Subgroup 3: patients did not visit general practices at all (Cluster 7, no visit, 41/899, 4.6%), which 

could be one of the following three possibilities: 
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i. Some patients could afford private health care and did not use public-funded health services. 

This explains no records for their attendances in the NHS general practices; 

ii. Patients were in good health status and used health services very rarely. They may see a GP 

in the NHS, but outside the observation period of this study; 

iii. Patients who need care the most did not seek help. They may have a higher risk than patients 

presenting with potential LC symptoms, due to their unawareness of LC symptoms. They may 

have a higher risk of ending up with an emergency presentation, late stage diagnosis, and 

poor survival. 

The seven clusters have distinctive cluster patterns (good discrimination), which enables us to 

know how GP managed high-risk patients in the community over time. Patients in different 

clusters may be at different levels of risk of developing LC. They may need different strategies to 

early detect and diagnose LC from primary care. Together with other variables, the typologies 

from SA could be very useful. For example, traditional statistical methods like parametric or non-

parametric tests can be used to compare patients’ characteristics (age, sex, SES, comorbidities) in 

each cluster. From this, we can understand the differences of patient profiles in each cluster. 

Multinomial logistic regression can be used to investigate the association between patient 

characteristics and the clusters of care sequences (as categorical dependent variable). All of these 

results are reported in the next chapter. 

6.7.6 Relevance and implications in the broader field of early diagnosis research 

The clinical value and benefits of studying how GPs manage patients presenting with potential LC 

symptoms in primary care is obvious. Identifying the cluster patterns and understanding how GPs 

manage different patient groups can help us understand which patterns are associated with 

delays in cancer diagnosis. In addition, such research evidence can help allocate primary care 

resources and inform GP to better manage patients at high risk, which can increase patients’ 

chance of early diagnosis and intervention of LC. 

6.7.7 Strengths and limitations of the methodological exploration 

This is the first study of using SA to construct primary care sequences from routine consultations 

in general practice and analyse sequences from different angles. None of the studies in the 

systematic scoping review (Chapter 4) used SA to study interdependent GP-patient events. This 

study addresses some important methodological issues specific to applying SA in primary care 

sequences. Sensitivity analyses were conducted. Typologies from different cost settings and 

subgroup analyses were compared. The graphic presentation of the patterns is a unique value of 
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SA, which is not achievable from other types of statistical analysis. For example, regression tree is 

helpful to present how the patterns change at each step. State and event SA are used to make 

sense of the cluster patterns. The similarity and difference of the patterns between the most 

frequent sequences and event patterns are discussed. None of the studies included in the 

systematic scoping review has applied state and event SA in such depth to understand a 

research problem. The lessons learnt from the methodological exploration are summarised and 

discussed, which would be helpful for researchers who are interested in using SA to explore the 

patterns of primary care sequences in other types of cancer or diseases. All of these are the 

strengths of the methodological exploration phase.  

The technical uncertainties of SA have been discussed in section 3.6. The main limitation is that 

the algorithm might classify some sequences incorrectly. However, we cannot know the true 

cluster membership of each patient, as they are unlabeled data (terminology in machine learning 

literature). In addition, there is no gold standard to verify the cluster membership. 

6.8 Conclusion of the methodological exploration phase 

SA can be used to represent and analyse primary care sequences, and identify meaningful 

typologies, which can provide us with a new perspective in early diagnosis research. Stratified 

analysis could be an analytical option for a heterogeneous study sample. Although this study 

focuses on primary care sequences relevant to LC, the application of SA is not limited to cancer. 

Its application can be extended to study care pathways or disease trajectories for other health 

conditions. This will be further discussed in the final chapter.  

The next chapter reports the results of the empirical analysis, to understand patient’s 

sociodemographic and clinical characteristics in each cluster, and further explore the association 

between patient characteristics, different clusters of primary care sequences, and indicators of 

patient’s help-seeking behaviour. 
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Chapter 7 Results of the empirical analysis 

7.1 Introduction 

Cluster patterns of primary care sequences have been identified in the previous chapter. This 

chapter reports the results of the empirical analysis outlined in sections 5.3.2 to 5.3.4 and 

discusses the implications of clinical practice and health services research. 

7.2 Results and interpretations 

7.2.1 Sociodemographic and clinical characteristics of the study sample 

The sociodemographic characteristics of the study sample (n=899) are presented in Table 7.1. The 

completeness of the variables is good. Only a few patients did not provide information accurate 

enough to calculate age (n=16, 1.8%) and years of smoking (n=12, 1.3%). A small proportion (4-

5%) of data in marital status and ethnicity was coded as “unknown” in the demographic dataset 

(by the data collection team), rather than missing. Other variables did not have missing data. 

The average age of the patients was 65.6±9.4 years old, ranging from 50 to 95. 56% of them were 

male (n=501). There were 41 patients without primary care visits during the observation period. 

For those who visited general practices, the total number of visits varied greatly among patients, 

ranging from 1 to 54, with a median of 9 visits in 29 months. The study sample had a relatively 

long smoking history, median 34 years, IQR [20, 43] years, and the longest record of smoking 

history was up to 74 years. 32% of patients (n=286) reported themselves as current smokers, and 

63% of patients (n=566) reported they quit smoking at various times in their lives, but not all 

successful.  

The majority of patients were white (93%, 837/899). Besides 39 (4.4%) patients with unknown 

ethnicity, only 23 patients were ethnic minority (Black, Asian, mixed-race, or others). The study 

sample lived around the south coast of England, one of the most affluent areas in the country. 

The IMD was not equally distributed in quintiles, with a low percentage of the most deprived 

quintile (7.3%), and a higher percentage in the middle quintile (Q3, 35.2%). 65% of patients 

(n=586) were married, partnered, or cohabited, 30% (n=266) were single, divorced, or widowed, 

and the rest 5% (n=47) did not report their marital status. About 60% of patients were retired, 

22% were still full-time employed, 9% part-time employed, and the rest 10% were unemployed. 
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About 24% patients (n=216) did not obtain any qualification, followed by GCSE/O-level (22.5%, 

n=202), vocational (18.5%, n=166), and degree or above (17%, n=153).  

About 40% patients (n=361) had one comorbidity, 24% patients (n=217) had two comorbidities, 

and 15% (n=134) had three or more comorbidities. Only about 18% of patients (n=159) had no 

comorbidity. As to the four specific comorbidities, hypertension had the highest prevalence, 

about 37.5% (n=337), followed by other heart diseases 10.7% (n=96), which could be broken 

down as CHD (n=46), CVD (n=24), IHD (n=21), AF (n=13), MI (n=7). Notably, GP may record more 

than one abbreviation for patient’s heart problem, e.g. CVD and AF. Therefore, the sum of the five 

abbreviations of heart disease (111) was greater than 96. The prevalence of COPD was 10.0% 

(n=90) and asthma 8.3% (n=75), which were lower than those of cardiovascular diseases. 

Table 7.1 – The sociodemographic and clinical characteristics of the study sample (N=899) 

Continuous variables Mean±SD 

Age, (n=883)  65.6±9.4 years 

Total number of visits (n=858) 10.4±7.9 times 

Years of smoking (n=887) 32.2±15.4 years 

Binary or categorical variables N(%) 

Sex  

    Male 501 (55.7) 

    Female 398 (44.3) 

Ethnicity  

   White 837 (93.1)  

   Mixed 6 (0.7) 

   Black/ Black British 4 (0.4) 

   Asian/ British Asian 8 (0.9) 

   Chinese 1 (0.1) 

   Other 4 (0.4) 
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   Unknown 39 (4.4) 

IMD quintile  

   1 (Most deprived) 66 (7.3) 

   2 192 (21.4) 

   3 316 (35.2) 

   4 165 (18.3) 

   5 (Less deprived) 160 (17.8) 

Marital status  

    Married or cohabiting 586 (65.2) 

    Single or not partnered 266 (29.6) 

    Unknown 47 (5.2) 

Employment status  

   Full time employed 198 (22.0) 

   Part-time employed 80 (8.9) 

   Unpaid role / unemployed 89 (9.9) 

   Retired 532 (59.2) 

Highest qualification  

   Unreported 77 (8.6) 

   None 216 (24.0) 

   GCSE/ O-Level  202 (22.5) 

   Vocational qualification 166 (18.5) 

   A level 85 (9.4) 

   Degree or above (MA, PhD) 153 (17.0) 
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Number of comorbidities  

   Unknown 28 (3.1) 

   0 159 (17.7) 

   1 361 (40.2) 

   2 217 (24.1) 

   ≥3 134 (14.9) 

7.2.2 Results of the association between sociodemographic and health variables 

Considering the majority of patients were retired, it was difficult to know their financial situation 

from the variable of employment status. Therefore, it was not used to explore the pairwise 

association. Only significant results were reported here, and leaving out the nonsignificant ones. 

The IMD quintile had a marginal association with qualification (Spearman's rho, ρ=0.09, P=0.01), 

but was not associated with other sociodemographic variables. Education level (qualification) was 

negatively associated with the years of smoking (ρ=-0.17, P<0.001) and the number of 

comorbidities (ρ=-0.10, P=0.007). Although in a weak association, it meant that the higher 

education the patients received, the fewer smoking years and comorbidities they had. The 

number of comorbidities had a moderate significant association with the total number of visits 

(ρ=0.46, P<0.001). Patients who had more comorbidities had more visits to the general practices. 

Age was significantly associated with the years of smoking (Pearson’s r=0.16, P<0.001), the total 

number of visits (r=0.17, P<0.001), and the number of comorbidities (Spearman's ρ=0.18, 

P<0.001), all of which were weak association. 

7.2.3 Patient characteristics among the seven clusters 

7.2.3.1 Patient profile and statistical tests among the seven clusters 

The seven cluster patterns of the primary care sequences were described in the previous chapter 

(subsection 6.7.5). Patients’ characteristics among the seven clusters are reported in Table 7.2. 

The results of significant variables are presented in front of the nonsignificant ones. Age, the total 

number of visits (six clusters, except for the “No visit” group), the number of potential LC 

symptom consultations (4 clusters), the number of comorbidities, COPD, asthma, hypertension, 

other heart diseases, and current smoking status were the nine statistically significant variables 

among the seven patient clusters.  
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Patients in Cluster 2 (LC symptoms | CXR/referral) were the oldest patient group, aged 69.1±9.7 

years, 8.1 years older than patients in Cluster 7 (No visit, 61.0±7.4 years old, P<0.001), and 4.4 

years older than patients in Cluster 6 (Minimal care needs, 64.6±9.5 years old, P=0.018). Both 

differences were significant by Šidák’s method in post hoc pairwise comparison after ANOVA. 

Patients in the other five clusters (Clusters 1, 3-6) had similar ages, around 65-66 years.  

The variance in the number of visits was not homogeneous (rejected by Bartlett's test) among six 

groups (not applicable to the group ‘No visit’). Non-parametric Kruskal-Wallis test found that the 

number of visits was significantly different among the six clusters. Patients presented with 

potential LC symptoms in the four clusters had a much higher number of visits than patients 

without potential LC symptoms (Clusters 5-6). Patients in Cluster 4 (potential LC symptoms | 

Multiple prescriptions) had the largest numbers of visits (17.7±9.6 visits in 29 months) and 

potential LC symptom consultations (3.6±2.3 times), followed by patients in Cluster 2 (potential LC 

symptoms |CXR/Referral), Cluster 3 (potential LC symptoms |GP advice), and lastly Cluster 1 

(transient LC symptoms | Test/prescriptions). For patients without potential LC symptoms, 

patients with high-risk presentations (Cluster 5, 9.7±6.6 visits) had four more visits to general 

practice on average than those only with minimal care needs (Cluster 6, 5.6±4.8 visits). 

 

For binary, categorical, and ordinal variables, percentages are reported by column with frequency, 

for easier comparison of the percentages at each level of the variables among clusters. From the 

distribution, the comorbidity burden was significantly different among patients in seven clusters. 

The number of comorbidities (0, 1, 2, ≥3) was similar among patients in Clusters 2, 3, and 4. Most 

patients in these three clusters had at least two comorbidities, while patients in Cluster 2 

(potential LC symptom | CXR/Referral) had the highest percentage of ≥3 comorbidities (34.9%) 

than any other 6 clusters. Patients in Clusters 1 and 5 had a similar but smaller comorbidity 

burden than those in the previous three groups. Most patients in Clusters 1 and 5 had 1 or 2 

comorbidities. Almost 70% of patients in Cluster 7 (No visit at all) did not have any comorbidity, 

better than patients in Cluster 6, the majority of whom had 0 or 1 comorbidity. However, 31.7% 

(13/41) of patients in Cluster 7 had an unknown comorbidity burden, which could be 

underestimated due to the unavailable data. 

The prevalence of COPD, asthma, and cardiovascular diseases was higher in patients presented 

with potential LC symptoms, except for hypertension, where patients in Cluster 5 (no LC 

symptoms, but with cardiorespiratory diseases) had the highest prevalence (>50%). The 

prevalences of four cardiorespiratory comorbidities (COPD, asthma, hypertension, and other 
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heart diseases) were significantly different among seven clusters. However, if only comparing the 

prevalence among the first four clusters (patients with potential LC symptoms), the differences 

were not significant. Patients in Cluster 4 receiving multiple prescriptions were probably due to 

the highest prevalence of COPD (27%, 10/37) and hypertension (43%, 16/37), while patients in 

Cluster 2 got a rapid referral to CXR and/or a specialist were probably because they were the 

oldest group and had more comorbidity burden, reflecting on the number of comorbidities and 

the prevalence of four specific cardiorespiratory conditions. Patients in Cluster 2 had the highest 

prevalence of asthma (20%, 13/65) and heart diseases (22%, 14/65), and the second highest 

prevalence of COPD and hypertension. From the descriptive statistics in Table 7.2, the prevalence 

of four cardiorespiratory diseases was in three levels: patients with potential LC symptoms 

(Clusters 1-4), patients with cardiorespiratory diseases and/or other alarm symptoms (Cluster 5), 

and patients in the rest two clusters (Cluster 6 minimal care needs and Cluster 7 no visit). This 

probably explained why the differences in comorbidity prevalence were significant among the 

seven clusters, but not among patients presented with potential LC symptoms.  

The percentages of current smoking status were also significantly different. Patients in Clusters 2, 

3, and 5 had <30% as current smokers, less than patients in Clusters 1, 4, and 6 (around 35%). 

More than 50% of patients in Cluster 7 (no visit) were current smokers.  

Other patient characteristics, including sex, years of smoking, highest qualification, marital status, 

IMD quintile, and employment status, were not significant among the seven clusters. The detailed 

descriptive statistics and the test result are all in Table 7.2. 

In summary, the patient characteristics significantly different among patients in seven clusters are 

in four dimensions, including age (biological), the number of visits to general practice and 

potential LC symptom consultations (behavioural), comorbidities (5 variables, clinical), and 

current smoking status (lifestyle). These characteristics were distinctively different among three 

groups of patients without potential LC symptoms (Clusters 5, 6, 7). For the four clusters of 

patients with potential LC symptoms, it was more difficult to tell the differences between the 

clusters. Patients in Cluster 2 (potential LC symptoms | CXR/referral) were the oldest, which was 

the most distinctive characteristic. Other patient characteristics in Cluster 2 were similar to those 

in Cluster 3 (potential LC symptoms | Advice).  
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Table 7.2 – Descriptive statistics and tests comparing patient characteristics among the seven clusters 

 Cluster 1 (n=133) Cluster 2 (n=65) Cluster 3 (n=60) Cluster 4 (n=37) Cluster 5 (n=326) Cluster 6 (n=237) Cluster 7 (n=41) P-value 

Age, mean±SD 65.5±8.8 69.1±9.7 65.9±9.9 66.1±8.8 66.0±9.4 64.6±9.5 61.0±7.4 0.0013 

The total number of visits 13.1±8.2 16.1±8.1 15.6±10.1 17.7±9.6 9.7±6.6 5.6±4.8 0 0.0001# 

The number of consultations 

related to LC symptoms 
1.4±0.8 2.6±1.8 2.3±1.5 3.6±2.3 0 0 0 

0.0001# 

Number of comorbidities  n (col %)       <0.0001 

   - 0 14 (10.7) 5 (8.0) 8 (13.3) 4 (10.8) 23 (7.1) 86 (37.4) 19 (67.8)  

   - 1 54 (41.2) 15 (23.8) 18 (30.0) 11 (29.7) 152 (47.2) 107 (46.5) 4 (14.3)  

   - 2 41 (31.3) 21 (33.3) 15 (25.0) 13 (35.2) 95 (29.5) 28 (12.2) 4 (14.3)  

   - ≥3 22 (16.8) 22 (34.9) 19 (31.7) 9 (24.3) 52 (16.2) 9 (3.9) 1 (3.6)  

COPD, n (%) 24 (18.1) 17 (26.2) 9 (15.0) 10 (27.0) 29 (8.9) 0 1 (2.44) <0.0001 
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 Cluster 1 (n=133) Cluster 2 (n=65) Cluster 3 (n=60) Cluster 4 (n=37) Cluster 5 (n=326) Cluster 6 (n=237) Cluster 7 (n=41) P-value 

Asthma, n (%) 17 (12.8) 13 (20.0) 8 (13.3) 5 (13.5) 26 (8.0) 5 (2.1) 1 (2.4) <0.0001 

Hypertension, n (%) 49 (36.8) 24 (36.9) 26 (43.3) 16 (43.2) 183 (56.1) 34 (14.4) 5 (12.2) <0.0001 

Other heart diseases, n (%) 12 (9.0) 14 (21.5) 8 (13.3) 3 (8.1) 41 (12.6) 18 (7.6) 0 0.007 

Current smokers, n (%) 47 (35.3) 17 (26.2) 14 (23.7) 13 (35.1) 92 (28.6) 82 (35.3) 22 (53.7) 0.017 

Years of smoking 35.3±14.9 33.7±15.1 31.0±15.3 35.0±14.5 31.5±15.9 30.5±15.8 34.3±11.4 0.067 

Male sex, n (%) 65 (48.9) 36 (55.4) 31 (51.7) 18 (48.7) 198 (60.7) 131 (55.3) 22 (53.7) 0.312 

Marital status        0.060 

   - Married or cohabiting 82 (61.6) 44 (67.7) 34 (56.7) 15 (40.5) 220 (67.5) 161 (67.9) 30 (73.2)  

   - Single or not partnered 42 (31.6) 19 (29.2) 23 (38.3) 21 (56.8) 87 (26.7) 66 (27.9) 8 (19.5)  

    - Missing/unknown 9 (6.8) 2 (3.1) 3 (5.0) 1 (2.7) 19 (5.8) 10 (4.2) 3 (7.3)  
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 Cluster 1 (n=133) Cluster 2 (n=65) Cluster 3 (n=60) Cluster 4 (n=37) Cluster 5 (n=326) Cluster 6 (n=237) Cluster 7 (n=41) P-value 

Employment status         0.076 

   - Full time employed 33 (24.8) 8 (12.3) 9 (15.0) 3 (8.1) 70 (21.5) 61 (25.7) 14 (34.2)  

   - Part time employed 8 (6.0) 2 (3.1) 5 (8.3) 3 (8.1) 35 (10.7) 23 (9.7) 4 (9.8)  

   - Unpaid role/unemployed 14 (10.5) 9 (13.8) 10 (16.7) 5 (13.5) 30 (9.2) 17 (7.2) 4 (9.8)  

   - Retired 78 (58.7) 46 (70.8) 36 (60.0) 26 (70.3) 191 (58.6) 136 (57.4) 19 (46.2)  

IMD quintile        0.511 

   - 1 (Most deprived) 16 (12.1) 5 (7.7) 6 (10.0) 3 (8.1) 20 (6.1) 15 (6.3) 1 (2.4)  

   - 2 22 (16.5) 12 (18.5) 8 (13.3) 9 (24.3) 84 (25.8) 48 (20.3) 9 (22.0)  

   - 3 45 (33.8) 25 (38.5) 18 (30.0) 14 (37.9) 107 (32.8) 90 (38.0) 17 (41.5)  

   - 4 22 (16.5) 11 (16.9) 16 (26.7) 8 (21.6) 60 (18.4) 43 (18.1) 5 (12.2)  

   - 5 (Less deprived) 28 (21.1) 12 (18.4) 12 (20.0) 3 (8.1) 55 (16.9) 41 (17.3) 9 (21.9)  
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Note: other heart diseases included the abbreviations of CVD (cardiovascular disease), IHD (ischaemic heart disease), CHD (coronary heart disease), AF (atrial fibrillation), 

and MI (myocardial infarction) in free text from GP notes. 

χ2 (chi-square) test was used for binary and categorical variables. ANOVA was used to compare continuous variables among clusters. For those marked with #, Kruskal-

Wallis test was used instead, as the hypothesis of homogeneity of variance was rejected by Bartlett's test. 

 Cluster 1 (n=133) Cluster 2 (n=65) Cluster 3 (n=60) Cluster 4 (n=37) Cluster 5 (n=326) Cluster 6 (n=237) Cluster 7 (n=41) P-value 

Highest qualification        0.805 

   - Missing/unknown  13 (9.8) 4 (6.2) 4 (6.7) 7 (18.9) 31 (9.5) 15 (6.3) 3 (7.3)  

   - None 34 (25.6) 17 (26.2) 14 (23.3) 10 (27.0) 80 (24.5) 50 (21.1) 11 (26.8)  

   - GCSE/ O-Level  30 (22.5) 11 (16.9) 15 (25.0) 8 (21.6) 74 (22.7) 56 (23.6) 8 (19.5)  

   - Vocational qualification 19 (14.3) 11 (16.9) 14 (23.3) 4 (10.8) 52 (16.0) 58 (24.5) 8 (19.5)  

   - A level 15 (11.3) 7 (10.7) 5 (8.3) 3 (8.1) 31 (9.5) 19 (8.0) 5 (12.2)  

   - Degree and above (MA, PhD) 22 (16.5) 15 (23.1) 8 (13.3) 5 (13.5) 58 (17.8) 39 (16.5) 6 (14.6)  
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7.2.4 Results of multinomial logistic regression model 

7.2.4.1 The reference outcome cluster and the independent variables 

Multinomial logistic regression was performed to investigate the associations between patients’ 

characteristics and the clusters. Cluster 2 “LC symptom | CXR/Referral” was served as the 

reference cluster, as it was the research interest in this study. The other six clusters were 

compared with the reference cluster. Sex, marital status, qualification, IMD, and years of smoking 

were not significant predictors among the seven clusters at any level in multinomial logistic 

regression, and therefore not reported here. 

7.2.4.2 Significant results in the univariable multinomial logistic regression model and the 

interpretations 

Significant patient characteristics associated with the seven clusters in the univariable 

multinomial logistic regression model are reported in Table 7.3. To avoid redundancy, constants 

for each variable are not reported. Unadjusted relative risk ratio (RRR) and the corresponding 95% 

CI are presented for each cluster compared with the reference cluster, rather than the original 

coefficients (β), for more intuitive interpretation. 

The results in Table 7.3 are consistent with the patient profile presented in Table 7.2 and 

described in subsection 7.2.3.1. What the results from the multinomial logistic regression added is 

the relative risk of each variable among different patient clusters. For example, patients in Cluster 

1 had a smaller number of potential LC symptom consultations than patients in Cluster 2; 

therefore, the RRR<1; and patients in Cluster 4 had a larger number of potential LC symptom 

consultations, the RRR>1. For significant results, the 95% CI of RRR does not include 1, while for 

nonsignificant results, the 95% CI of RRR include 1 (coloured in light grey in the table). In addition, 

for categorical variables, what multinomial logistic regression is superior to χ2 (chi-square) test is 

that multinomial logistic regression can not only identify significant results between pairwise 

comparison, but also quantify the strength of RRR, while χ2 test only tells you the percentages are 

different in a categorical variable across clusters. For example, patients in Cluster 6 and 7 had 

significantly less comorbidity burden than patients in Cluster 2 (RRR<0.1, no comorbidity as the 

reference category). Due to the small sample size in Cluster 7, the 95% CI of RRR had very wide 

intervals in some variables (e.g. employment status, current smokers, asthma).  
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Table 7.3 – Significant results in univariable multi-nominal logistic regression (unadjusted relative risk ratio and 95% CI) 

 Cluster 1 (n=133) Cluster 3 (n=60) Cluster 4 (n=37) Cluster 5 (n=326) Cluster 6 (n=237) Cluster 7 (n=41) 

Age 0.96 (0.93, 0.99) * 0.97 (0.93, 1.00) 0.97 (0.93, 1.01) 0.97 (0.94, 0.99) * 0.95 (0.92, 0.98)*** 0.90 (0.86, 0.95) *** 

Total number of visits 0.96 (0.93, 0.99) * 0.99 (0.96, 1.03) 1.01 (0.98, 1.05) 0.90 (0.87, 0.93) *** 0.76 (0.73, 0.80) *** N.A. (0) 

Consultations of LC symptoms 0.43 (0.32, 0.57) *** 0.91 (0.72, 1.14) 1.28 (1.03, 1.59)*  N.A. (0) N.A. (0) N.A. (0) 

Number of comorbidities  No comorbidity as reference      

   - 1 1.29 (0.40, 4.14) 0.75 (0.20, 2.78) 0.92 (0.20, 4.22) 2.20 (0.73, 6.64) 0.41 (0.14, 1.19) 0.07 (0.02, 0.31) *** 

   - 2 0.70 (0.22, 2.20) 0.45 (0.12, 1.64) 0.77 (0.18, 3.42) 0.98 (0.34, 2.89)  0.08 (0.03, 0.22) *** 0.05 (0.01, 0.21) *** 

   - ≥3 0.36 (0.11, 1.16) 0.54 (0.15, 1.93) 0.51 (0.11, 2.35) 0.51 (0.17, 1.53)  0.02 (0.01, 0.08) *** 0.01 (0.001, 0.11) *** 

Full time VS Retired (reference) 2.43 (1.04, 5.71) * 1.44 (0.50, 4.10) 0.66 (0.16, 2.72) 2.11 (0.95, 4.69) 2.58 (1.15, 5.79) * 4.24 (1.53, 11.75) ** 

Current smokers (No smoking as 

reference) 

1.54 (0.80, 2.98) 0.88 (0.39, 1.99) 1.53 (0.64, 3.66) 1.13 (0.62, 2.07) 1.54 (0.83, 2.86) 3.27 (1.43, 7.47) ** 
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 Cluster 1 (n=133) Cluster 3 (n=60) Cluster 4 (n=37) Cluster 5 (n=326) Cluster 6 (n=237) Cluster 7 (n=41) 

COPD 0.62 (0.31, 1.26) 0.50 (0.20, 1.22) 1.05 (0.42, 2.60) 0.28 (0.14, 0.54) *** N/A 0.07 (0.01, 0.55) * 

Asthma 0.59 (0.27, 1.30) 0.62 (0.24, 1.61) 0.63 (0.20, 1.92) 0.35 (0.17, 0.72) ** 0.09 (0.03, 0.25) *** 0.10 (0.01, 0.80) * 

Hypertension 1.00 (0.54, 1.84) 1.30 (0.64,2.68) 1.30 (0.57, 2.96) 2.19 (1.26, 3.79) ** 0.29 (0.15, 0.53) *** 0.24 (0.08, 0.69) ** 

Other heart diseases 0.36 (0.16, 0.84) * 0.56 (0.22, 1.45) 0.32 (0.09, 1.20) 0.52 (0.27, 1.03) 0.30 (0.14, 0.64) ** N/A 

Note: Cluster 2 “CXR/Referral (n=65)” as the reference category, other clusters were compared with Cluster 2. Nonsignificant results were coloured in light grey. 

Other heart diseases included abbreviations of CVD (cardiovascular disease), IHD (ischaemic heart disease), CHD (coronary heart disease), AF (atrial fibrillation), and MI 

(myocardial infarction). N/A meant there was no event in that cluster.  

*** indicated P<0.001, ** P<0.01, * P<0.05. 
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7.2.4.3 Differentiate clusters by significant patient characteristics 

Based on the results in Table 7.3, patients in Cluster 2 and 3 had a very similar profile. The current 

patient characteristics could not differentiate the two clusters. There may be some other 

significant but unmeasured characteristics (unavailable information) between the two patient 

clusters. At least one significant patient characteristic was able to differentiate patients in the 

other five clusters from patients in Cluster 2. 

 Cluster 1: age, the numbers of potential LC symptom consultations and total visits, full-time 

employment, other heart diseases (5 variables); 

 Cluster 4: the number of total visits (1 variable); 

 Cluster 5: age, the number of total visits, no LC symptom consultations, COPD, asthma, 

hypertension (6 variables); 

 Cluster 6: age, the number of total visits and comorbidities, no LC symptom consultations, 

full-time employment, asthma, hypertension, other heart diseases (8 variables); 

 Cluster 7: age, the number of comorbidities, current smoking status, no primary care visit 

(thus no LC symptom consultations), full-time employment, COPD, asthma, hypertension (8 

variables). 

7.2.4.4 Multinomial logistic regression model with multiple predictors 

Based on the results of single predictors, models with different combinations of significant 

predictors were tried, but yielded inconsistent results. The possible explanations are discussed in 

subsection 7.3.1.2. Overfitting was the main problem, which means fitting a model that has too 

many parameters. For a categorical outcome with seven clusters, it needs to establish six models. 

One possible way to address the problem of overfitting is reducing the number of parameters that 

need estimating in the multinomial logistic regression model. As the research interest was to 

understand the differences in GP management for patients presented with potential LC 

symptoms, it is reasonable to establish the model in these patients as a start. The result is 

reported in Table 7.4. Only two variables were significant – age and the number of potential LC 

symptom consultations. In the Model of Cluster 1 vs Cluster 2, the RRRs of both variables were <1. 

The other two significant variables in the previous uni-variable analysis (Table 7.3), i.e. the total 

number of visits and full-time employment, were not significant. The RRR of age and the number 

of potential LC symptom consultations remained unchanged from uni-variable to multivariable 

model. While in the Model of Cluster 4 vs Cluster 2, although age was not significant, the RRR of 

the number of potential LC symptom consultations slightly increased from 1.28 in the univariable 
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model to 1.31 in the multivariable model, and a slightly wider 95% CI. Future studies with a larger 

sample size in each cluster may increase the statistical power and improve the model fitting.  

Table 7.4 – Multinomial logistic regression model with multiple variables comparing the four 

clusters of GP management of patients presented with potential LC symptoms 

 Cluster 1. Test/MED (n=133) Cluster 3 (60) Cluster 4. MED-L (n=37) 

β SE RRR [95% CI] β SE β SE RRR [95% CI] 

Constant 4.73*** 1.23  2.57 1.38 1.19 1.55  

Age -0.04* 0.02 0.96 (0.93, 0.99) -0.03 0.02 -0.04 0.02 0.96 (0.92, 1.01) 

No. LC 

consultation 
-0.83*** 0.16 0.43 (0.32, 0.59) -0.13 0.13 0.27* 0.12 1.31 (1.04, 1.64) 

Note: Cluster 2 (LC symptoms | CXR/referral) was the reference category; No. LC consultation 

means the number of potential LC symptom consultations. SE – Standard Error, *** indicated 

P<0.001, ** P<0.01, * P<0.05. 

Another possible approach to improve overfitting is combining similar outcome categories. A 

sensible way is to combine Clusters 1-4 together, as “patients with potential LC symptoms” and 

continue to serve as the reference category. Clusters 5-6 as “patients without potential LC 

symptoms”, and Cluster 7 “patients did not visit the general practice at all”. Table 7.5 presents the 

results of the multivariable multinomial logistic regression model in this approach. Combining the 

outcome categories also improved model fitting. Comorbidity was the only significant predictor 

when comparing Clusters 5-6 with Clusters 1-4. The results suggested it was still quite difficult to 

distinguish patients with potential LC symptoms from other primary care attenders, which could 

be due to the limited available information in this study. Age, comorbidity, and current smoking 

status were the three significant predictors between Cluster 7 and Clusters 1-4. All interaction 

terms stated in subsection 5.3.2 were explored but non-significant, and therefore not reported in 

the table.  

Before finalising the model with three groups, two other modelling strategies with four groups 

were tried, by separating Cluster 1 from Clusters 2-4 (transient VS more LC symptoms), and 

separating Cluster 5 and 6 (with and without cardiorespiratory comorbidities and/or other 

alarming symptoms). All the variables were nonsignificant when Cluster 1 compared with Clusters 

2-4 (reference category). The conclusion also did not change when splitting Clusters 5 and 6. The 

results did not improve at the cost of estimating more parameters by adding one more model. In 
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the spirit of parsimony, the current multinomial logistic regression model with three clusters was 

considered the best. The two reference points to differentiate the three clusters were whether 

the patients presented with potential LC symptoms or not and visited general practice or not 

(help-seeking behaviours).  

Table 7.5 – Multivariable multinomial logistic regression comparing the three patient groups 

 Clusters 5-6 (n=563) Cluster 7 (n=41) 

β SE RRR [95% CI] β SE RRR [95% CI] 

Constant 1.53** 0.58  3.26  1.84  

Age -0.005 0.008 1.00 (0.98, 1.01) -0.07*  0.03 0.93 (0.88, 0.99)  

Comorbidities  No comorbidity as reference    

   - 1 -0.21 0.24 0.81 (0.51, 1.30) -2.56***  0.60 0.08 (0.02, 0.25) 

   - 2 -0.89*** 0.25 0.41 (0.25, 0.67) -2.45***  0.60 0.09 (0.03, 0.28) 

   - ≥3 -1.35*** 0.27 0.26 (0.15, 0.44) -3.31**  1.06 0.04 (0.00, 0.29) 

Current smoker -0.05 0.17 0.95 (0.68, 1.32) 1.12*  0.44 3.06 (1.29, 7.24) 

Note: Clusters 1-4 “patients presented with potential LC symptoms” as the reference category, 

Clusters 5-6 “patients presented in general practice without potential LC symptoms”, and Cluster 

7 “patients did not visit the general practice at all”. SE – Standard Error, *** indicated P<0.001, ** 

P<0.01, * P<0.05. 

7.2.5 Results of modelling count data 

7.2.5.1 Model of primary care attendance and the interpretation of results 

The null hypothesis that the dispersion parameter alpha was equal to zero was rejected (P<0.001). 

This suggested that the number of primary care consultations was overdispersed and not suitable 

to use Poisson regression. Employment status, marital status, qualification, and ethnicity were the 

first batch of nonsignificant variables removed from the model. For the six known influencing 

factors from the published studies (age, sex, the number of comorbidities, IMD quintile, current 

smoking status, and the years of smoking), the two smoking variables were nonsignificant. The 

coefficients (β) and the standard errors (SE) are reported in Model 1 of Table 7.6.  
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The model was run again with the four significant predictors (age, sex, the number of 

comorbidities, and IMD quintile). The new coefficients and SE are updated in Model 2 of Table 

7.6. Age and the number of comorbidities had a positive association with the number of primary 

care visits. For males (compared with females) and patients in the second quintile (compared with 

the bottom quintile – the most deprived), the number of primary care visits decreased. Patients in 

the upper three quintiles of IMD did not have a significant difference. More comorbidities were 

associated with higher incidence rate ratios (IRR). Compared with patients without comorbidity, 

the IRR for patients with one comorbidity to present in general practice was 1.54 times higher 

(95% CI [1.35, 1.78]), 2.1 times and 2.8 times higher for patients with 2 and ≥3 comorbidities, 

holding all the other variables constant in the model. Interactions between sex, the IMD quintile, 

and the number of comorbidities were tested, but the results were nonsignificant. Therefore, the 

interaction terms were not included in the final model and presented in Table 7.6.  

Table 7.6 – Results of the negative binomial regression model for the number of primary care 

attendances (n=829) 

 β [Model 1] SE β [Model 2] SE IRR [95% CI] 

Constant 1.08 *** 0.20 1.09 *** 0.19  

Age 0.01 *** 0.003 0.01 *** 0.002 1.01 [1.01, 1.02] 

Male sex -0.12 * 0.05 -0.12 ** 0.05 0.88 [0.81, 0.97] 

Number of comorbidities No comorbidity as reference   

   - 1 0.43 *** 0.07 0.44 *** 0.07 1.54 [1.35, 1.78] 

   - 2 0.72 *** 0.08 0.72 *** 0.08 2.06 [1.78, 2.39] 

   - ≥3 1.03 *** 0.08 1.03 *** 0.08 2.81 [2.40, 3.31] 

IMD Most deprived quintile as reference   

   - 2 -0.19 * 0.10 -0.19 * 0.10 0.83 [0.68, 0.99] 

   - 3 -0.13 0.09 -0.13 0.09 0.87 [0.73, 1.04] 

   - 4 -0.001 0.10 -0.001 0.10 1.00 [0.83, 1.21] 

   - 5 (Less deprived) -0.03 0.10 -0.04 0.10 0.96 [0.79, 1.16] 

Current smoker [Yes] -0.007 0.06    
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Years of smoking 0.001 0.002    

Alpha 0.33 0.02 0.32 0.02  

Note: SE – Standard Error; IRR – Incidence Rate Ratio; the results of all six variables are reported 

in Model 1; Model 2 presents the results for the four significant variables in Model 1. *** 

indicated P<0.001, ** P<0.01, * P<0.05. 

7.2.5.2 Model of potential LC symptoms consultations and the interpretation of results 

The number of potential LC symptom consultations was right-skewed and over-dispersed. Only 

one-third of patients (295/858, 34.4%) consulted with potential LC symptoms. Due to excessive 

zero and the over-dispersion of the count data, zero-inflated negative binomial regression model 

was used to explore the predictors for the number of potential LC symptom consultations.  

Patients’ age, sex, IMD, current smoking status, and years of smoking were all non-significant 

factors. Two clinical characteristics, comorbidity and having asthma, were significant variables in 

the full model, but not in the inflate model (model predicting whether it contains zero or not). For 

comorbidity, patients having ≥3 comorbidities had an IRR of 2.38, 95% CI [1.28, 4.41], β=0.87, 

P=0.006, compared with patients without comorbidity in the full model. Patients who had asthma 

had an increased IRR of consulting potential LC symptoms, IRR=2.11, 95% CI [1.42, 3.13], β=0.75, 

P<0.001, compared with those without asthma. COPD was NOT a significant factor for the number 

of potential LC symptom consultations, which may be explained by the following reasons. The first 

explanation may be due to the underdiagnosis of COPD in community patients. A previous study 

reported that many patients did not get the diagnosis of COPD several months before the 

diagnosis of LC. The diagnosis of COPD was the result of suspicion of LC, and the diagnosis was 

made after more intensive clinical investigation and assessment (Powell et al., 2013). The second 

possibility could be due to GP’s recording habit. If the patient had a diagnosis of COPD, GPs may 

record the consultation as COPD related, rather than symptoms, which could lead to 

underreporting of symptoms and probably result in a lack of association between potential LC 

symptoms and COPD. The third explanation could be due to different distributions among 

patients with COPD and asthma. For patients with ≥5 times of potential LC symptom 

consultations, 5.6% (5/90) patients had COPD, and 10.7% (8/75) had asthma. This may explain 

why asthma was a significant predictor but not COPD, although the prevalence of COPD was 

slightly higher than that of asthma.  
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7.2.6 Practice effect 

Table 7.7 presents the difference in patient numbers between practices at each stage, including 

the numbers of eligible patients, responders, non-responders, response rate (Wagland et al., 

2016), and the final number of patients included in this study from each practice. Practice 7 had a 

particularly low number of eligible patients at the beginning, the lowest response rate and the 

final number of patients included in this study. There could be several reasons. The first one is 

that it is a small practice (e.g. a single-handed GP and thus had limited patients). The second 

reason could be that most of the patients registered in that practice were young (e.g. a high 

proportion of university students) and thus fewer patients met with the age criterion. The third 

possibility was something happened in that practice during the implementation of the study (e.g. 

shortage of staff) and thus affected patient recruitment. But I do not have the information to 

know the real situation. However, one thing is clear – the response rate was significantly different 

among practices at the beginning (χ2(7)=19.3, P=0.007). 

Table 7.7 – The number of eligible patients, responders, non-responders, response rate, and 

patients included in this study from each participating practice 

GP Practice Eligible Non-responders Responders Response rate (%) This study 

Practice 1 441 346 95 21.5 85 

Practice 2 459 329 130 28.3 88 

Practice 4 679 501 178 26.2 145 

Practice 5 745 555 190 25.5 144 

Practice 6 693 500 193 27.8 149 

Practice 7 166 135 31 18.7 24 

Practice 8 884 687 197 22.3 152 

Practice 9 554 396 158 28.5 112 

Total 4,621 3,449 1,172 Average 25.4 899 

7.2.6.1 Patient characteristics among practices 

Patients’ age, sex, smoking years, current smoking status, SES (IMD quintiles), and the number of 

comorbidities may be the possible explanatory variables for GP’s vigilance of potential LC 
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symptoms. Table 7.8 presents descriptive statistics for some key patient characteristics by 

practice, and Figure 7.1 presents the distribution of patient's comorbidities and IMD quintile by 

practice. Patients in practice 4 were the oldest, aged 68.4±9.6 years, significantly older than 

patients in practice 9 (62.0±8.2 years, the youngest), practices 1 and 2. The mean age of patients 

in the other four practices was between 65 and 67 years. Even so, patients in practice 7 had the 

longest smoking history (41.7±14.5 years), 15 more years than patients in practices 5 and 6 (26 

years, the shortest smoking history). The percentages of current smokers were significantly 

different among practices (χ2(7)=134.7, P<0.001), ranging from 14% (practice 6) to 61% (practice 

9). The percentage of male patients varied from 46% (practice 9) to 62% (practice 6), but the 

difference was non-significant. Two indicators of patients’ help-seeking behaviours were 

investigated and reported separately in the next subsection.  

Table 7.8 – Descriptive statistics of the key patient characteristics by practices 

Practice* Age  Male (%) Total visits 

LC symptom 

consultations 

Smoking 

years  

Current 

smoker (%) 

1 (n=85) 63.1±9.1 43 (50.6%) 11.6±9.0 2.2±1.8 39.4±12.0 42 (53.2%) 

2 (n=88) 63.8±10.4 50 (56.8%) 10.9±8.9 2.4±1.5 35.4±13.4 51 (58.0%) 

4 (n=145) 68.4±9.6 85 (58.6%) 9.6±6.7 2.2±2.1 31.9±15.8  26 (18.2%) 

5 (n=144) 66.8±9.3 75 (52.1%) 7.9±4.8 2.1±1.3 26.8±16.0  27 (19.0%) 

6 (n=149) 65.3±7.2 93 (62.4%) 10.8±8.3 2.4±1.8 26.2±15.0  21 (14.1%) 

7 (n=24) 64.9±8.3 14 (58.3%) 12.4±13.7 2.1±1.2 41.7±14.5  11 (45.8%) 

8 (n=152) 66.9±10.4 89 (58.6%) 11.9±8.8 2.0±1.3 31.3±15.5 41 (27.0%) 

9 (n=112) 62.0±8.2 52 (46.4%) 10.2±7.0 1.8±1.1 38.9±12.5  68 (60.7%) 

Note: * there was no practice numbered as 3 in the NAEDI dataset. 

Although the distribution of the number of comorbidities was significant among the eight 

practices (P=0.008), the differences were not as easily detected as those in IMD. The distribution 

of IMD was quite different among the eight practices. The majority of patients in practice 4 were 

in Q3 and patients in practice 5 in Q2. Patients in the other six practices were from more diverse 

socioeconomic backgrounds. The IMD was spread across all five quintiles. Patients in practices 1, 

2, 6, and 9 had an increasing proportion from the most to the least deprived quintile. Patients in 
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practice 7 were mostly in Q1 and Q4 but had the highest proportion in Q4 (54%, more affluent). 

About 30% (46/152) of patients in practice 8 were in the most deprived quintile, which was the 

highest percentage among all the practices. About 80% of patients (n=121) were in Q1-Q3 (more 

deprived quintiles), compared with 82% patients in practice 6 (122/149) were in the two least 

deprived quintiles (Q4-Q5). Patients in practice 6 (higher SES) had the lowest proportion of 

current smokers.  

 

 

Figure 7.1 – Distribution of patient's comorbidities and IMD quintile by practices 

7.2.6.2 Practice effect in patient’s help-seeking behaviours 

The numbers of total visits and potential LC symptom consultations were reported in Chapter 6, 

as part of the sequence characteristics. Table 7.8 presents both indicators by practice. Although 

the data were right-skewed, mean and standard deviation were used to describe the central 

tendency and dispersion, rather than median and IQR, as the practices almost had the same 

median and IQR and thus not able to distinguish from each other.  
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Following the findings in subsection 7.2.5.1, negative binomial regression was used again to 

explore whether there was a practice effect on the number of primary care visits, accounting for 

patient’s other characteristics. When introducing GP practice in the model, IMD became a 

nonsignificant factor, probably because IMD is postcode based, and the GP practices are likely to 

be located in the same geographical area. The results of age, sex, and comorbidities remained 

stable. After adjusting for these confounding factors and taking Practice 1 as a reference, patients 

in practice 5 had a significantly lower IRR in the number of primary care visits (IRR=0.69, 95% CI 

0.58-0.83), P<0.001 (observed practice effect of lower patient attendance rate). Patients in the 

other six practices had a nonsignificant difference, compared with patients in practice 1. The 

number of primary care visits among patients in practice 5 was 7.9±4.8 on average, while the 

mean number of GP visits among patients in the other seven practices was ranged from 9.6 

(practice 4) to 12.4 (practice 7).  

If only based on the descriptive and inferential statistics, we cannot find any significant difference 

in the number of potential LC symptom consultations among practices (Kruskal-Wallis rank test, 

P=0.684). However, a practice effect was observed in the inflated part of the zero-inflated 

negative binomial regression (predicting whether it contains zero or not, following subsection 

7.2.5.2). Only 13.2% of patients (19/144) in Practice 5 had potential LC symptoms recorded, 

significantly lower than the reference practice (Practice 1, 31.8%, second lowest, β=1.55, 

P=0.028). 42.8% of patients (65/152) in Practice 8 had LC symptoms recorded, which was the 

highest (further discussed in the next subsection). The proportions in the other six practices were 

around 32%-39%. 

7.2.6.3 Cluster membership among eight practices 

Table 7.9 presents the distribution of cluster membership among the eight general practices, 

which is significantly different (P<0.001). The practice with the highest percentage in each cluster 

is underscored. Practice 8 had high percentages in Clusters 1-3. If considering Clusters 1-4 

together, GPs in practice 8 seemed to have higher vigilance of recognising potential LC symptoms 

and were most likely to investigate potential LC symptoms. Among 295 patients who presented 

with potential LC symptoms, 22% were from practice 8 (n=65). For those who got CXR or were 

referred to a specialist (Cluster 2), about 30% of patients (19/65) were from practice 8. Such 

differences could not be explained by GP’s recording habits, because it was established in Section 

6.6 that GP ordered CXR or referred the patients to a chest physician due to non-LC symptom 

presentations was very rare (n=10, 1.3%). Interestingly, patients in Practice 8 had the second 

lowest frequency in the number of potential LC symptom consultations (2.0±1.3 times on 

average). The comorbidity burden among patients in Practice 8 was close to the average level. 
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Therefore, GPs in practice 8 were more vigilant, even with a relatively low frequency of patients 

consulting with potential LC symptoms, probably could be explained by a larger proportion of 

patients from lower SES background, but not older age, or a higher percentage of current 

smokers, nor a higher comorbidity burden. 

GPs in practice 4 were also vigilant with potential LC symptoms, recognising 56 patients with 

potential LC symptoms (19.0%, the second highest after practice 8), probably because patients in 

this practice were the oldest. Patients in practice 5 had the highest percentages of Clusters 5-6 

(visited GP, with and without cardiorespiratory and/or other alarming symptoms). The 

implications of practice effect were discussed in subsection 7.3.4.3.  

Table 7.9 – Distribution of cluster membership among patients from the eight general practices, n 

(column %) 

Practice* Cluster 1 

(n=133) 

Cluster 2 

(n=65) 

Cluster 3 

(n=60) 

Cluster 4 

(n=37) 

Cluster 5 

(n=326) 

Cluster 6 

(n=237) 

Cluster 7 

(n=41) 

1 (n=85) 16 (12.0) 2 (3.1) 6  (10.0) 3 (8.1) 32 (9.8) 24 (10.1) 2 (4.9) 

2 (n=88) 9 (6.8) 9 (13.8) 7 (11.7) 4 (10.8) 29 (8.9) 26 (11.0) 4 (9.8) 

4 (n=145) 25 (18.8) 12 (18.5) 11 (18.3) 8 (21.6) 38 (11.7) 40 (16.9) 11 (26.8) 

5 (n=144) 7 (5.3) 4 (6.2) 4 (6.7) 4 (10.8) 75 (23.0) 46 (19.4) 4 (9.8) 

6 (n=149) 25 (18.8) 10 (15.4) 13 (21.7) 3 (8.1) 57 (17.5) 33 (13.9) 8 (19.5) 

7 (n=24) 2 (1.5) 2 (3.1) 2 (3.3) 3 (8.1) 8 (2.5) 5 (2.1) 2 (4.9) 

8 (n=152) 26 (19.6) 19 (29.2) 14 (23.3) 6 (16.2) 51 (15.6) 35 (14.8) 1 (2.4) 

9 (n=112) 23 (17.3) 7 (10.8) 3 (5.0) 6 (16.2) 36 (11.0) 28 (11.8) 9 (21.9) 

Note: The highest % in each cluster is underscored.  
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7.3 Discussion 

7.3.1 Statistical methods in the empirical analysis 

7.3.1.1 Summary of the whole analysis process 

After methodological exploration, the empirical analysis aims to understand how patient 

characteristics could help explain the differences in the cluster patterns. Descriptive statistics 

provided the characteristics of patient profile in each cluster, with traditional parametric and non-

parametric tests to investigate whether each variable was significantly different among the seven 

clusters or not. Multinomial logistic regression further quantified the relative risk ratio (RRR). The 

association between patient characteristics and help-seeking behaviours (the numbers of primary 

care visits and potential LC symptom consultations) were investigated. Finally, practice effect on 

patient’s response rate, help-seeking behaviours, and cluster patterns of primary care sequences 

was explored.  

7.3.1.2 Different statistical techniques provide different angles to find useful information 

from the data 

Two main models, multinomial logistic regression and (zero-inflated) negative binomial 

regression, were used for two types of outcomes–categorical clusters and count data. They are in 

the family of generalised linear models, but with different link functions for different types of 

outcomes. It was difficult to build a model with multiple predictors in the zero-inflated negative 

binomial regression model, due to overdispersion of the count data in a small sample size and 

overfitting.  

Before building the multinomial logistic regression model, parametric and non-parametric 

statistical tests were used to find out whether each patient characteristic was significantly 

different among the seven clusters or not. In the univariable model, significant differences were 

quantified by RRR and 95% CI. Inconsistent results occurred when attempting to build a 

multivariable model with seven clusters as a categorical outcome. There were four possible 

explanations for the failed attempt. The first one was the patient characteristics to differentiate 

the seven clusters were different. It was not even possible to differentiate patients in Clusters 2 

and 3. Therefore, it was unrealistic to expect the same variables could effectively predict the 

cluster membership. The second explanation was in the variables. For patients in Clusters 5-6, the 

number of potential LC symptom consultations was 0; for patients in Cluster 7, they did not visit 

the general practice, the values for these two variables were 0. Introducing these variables made 

the model not able to converge. Collinearity between variables was the third explanation. As 
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reported in subsections 7.2.2, some variables were correlated. The number of total visits and the 

number of potential LC symptom consultations are the intermediate outcomes, also associated 

with some patient’s characteristics. The fourth explanation was that the number of clusters might 

be too large for a multinomial logistic regression model with multiple predictors. It was possible 

to use univariable to explore the association and calculate the unadjusted RRR between clusters, 

but more difficult to establish a multivariable model. There were also some categorical variables 

as independent variables. Too many parameters that need to be estimated could cause 

convergence failure in the multinomial logistic regression model (Steyerberg, 2019)(Page 96). A 

relatively small sample size for a large categorical outcome, and a big difference of sample size in 

each cluster, these two factors could also be the reasons for overfitting. When the number of 

clusters reduced from seven to three or four, the model fit improved. But if further reduced to 

two clusters, i.e. whether the patients presented with potential LC symptoms or not and using 

logistic regression, the simple dichotomisation would make no difference from the results of the 

inflated part of the zero-inflated negative binomial regression model. 

The QCancer studies using EHRs with a very large sample size (1.26 million males and 1.24 million 

females) can use multivariable multinomial logistic regression to identify potential symptoms 

and risk factors for nine types of cancer for men (Hippisley-Cox and Coupland, 2013a) and eleven 

types of cancer for women (Hippisley-Cox and Coupland, 2013b), comparing with patients 

without cancer. The findings from these two papers have been validated and transformed into 

clinical decision support tools, approved by the NHS and integrated into the EMIS primary care 

EHR system for GP to use. This example demonstrates the importance of sample size for 

multinomial logistic regression models with a large number of categories. If the sample size of 

sequences is large and within the limit of storage for a distance matrix in R (about 46,340 

sequences, section 3.5), it may be possible to perform a multivariable multinomial logistic 

regression model with several clusters. 

7.3.2 Summary and discussion of the findings from empirical analysis 

Patients’ sociodemographic and clinical characteristics could explain part of the variation of the 

primary care sequences and GP management of potential LC symptoms. Ten patient 

characteristics were useful to characterise and differentiate patients in the seven clusters, 

including age, the numbers of primary care visits, potential LC symptom consultations, and 

comorbidities, COPD, asthma, hypertension, and other heart diseases (4 specific comorbidities), 

current smoking status, full-time employment. Sex, years of smoking, marital status, SES (IMD 

quintiles), education (highest qualification) were nonsignificant factors. Therefore, the 
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unknown/unreported status in ethnicity, marital status, and qualification had minimal impact, as 

these factors were not in the regression model. 

Three clusters of patients with potential LC symptoms had similar patient characteristics but 

received different GP actions – GP ordered CXR or made a referral (Clusters 2), offered advice 

(Clusters 3), and gave repeated prescriptions (Clusters 4). No significant difference in patient 

characteristics was found between Clusters 2 and 3, although patients in Cluster 2 were older. The 

only significant difference between patients in Cluster 2 and 4 was the number of comorbidities, 

but not any of the four specific cardiorespiratory comorbidities. From another perspective, this 

result means that primary care sequences provide new information to categorise patients by SA, 

even in a relatively small sample size, while traditional statistical methods could not 

differentiate the three clusters based on patient characteristics. This is the added value and the 

benefit of using SA to analyse holistic information of primary care sequences, which could be 

useful in early diagnosis research. 

Patients in Cluster 1 just presented with transient LC symptoms, and GP ordered tests to 

investigate the symptom or prescribed medications, which was likely to be benign presentations. 

They had a similar age as patients in Clusters 3 and 4 but were younger than patients in Cluster 2. 

They had a higher percentage of full-time employment, and a smaller number of total visits. 

Patients in Cluster 5 did not present with potential LC symptoms, had a lower prevalence of COPD 

and asthma, but had the highest prevalence of hypertension among the seven clusters, which 

explained why the cluster pattern was “cardiorespiratory diseases and/or other alarm 

symptoms”. Patients in Cluster 6 were younger, had a higher percentage of full-time employment, 

and had a less comorbidity burden. None of the patients in this cluster was diagnosed with COPD. 

The prevalence of cardiorespiratory conditions was also low in this group, which may explain why 

they had fewer attendances to the general practice, and only had minor care needs. Patients not 

visiting their GP at all (Cluster 7) were the youngest, had the highest percentages of full-time 

employment and current smokers, but had fewer comorbidities burden, which would be due to 

incomplete records, as they did not use primary care services. 

Age and comorbidities were the two significant patient characteristics, consistently found in 

different models. Age had a significant but weak association with the number of comorbidities. 

Older age and a larger number of comorbidities increased the number of visits to general practice, 

while males and patients in the second quintile of SES (compared with the most deprived quintile) 

had a smaller number of visits to general practice. Patients with ≥3 comorbidities (compared with 
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no comorbidity) and asthma had a higher number of LC symptom consultations, but not COPD. 

The possible reasons were explained and discussed in subsection 7.2.5.2. 

Practice effect was explored and observed with patients’ participation in the questionnaire 

survey, help-seeking behaviours, and the cluster patterns of primary care sequences. GPs in 

practice 8 seemed to be more vigilant of potential LC symptoms, followed by GPs in practice 4. A 

higher proportion of patients presented with potential LC symptoms in these practices were 

investigated, referred, and managed (prescriptions and advice). Patients in practice 5 had a lower 

attendance rate in that practice, and fewer events of potential LC symptoms, but higher rates of 

presentations related to cardiorespiratory diseases and minor care needs.  

7.3.3 Boarder connection with other literature 

Research evidence about patient’s help-seeking behaviours and possible influencing factors were 

summarised in subsections 2.5.5 (literature review). The findings in this study are generally 

consistent with those reported in other studies (Moffat et al., 2015, Whitaker et al., 2015) in this 

field. Patients not working (because of illness), married/cohabiting (compared with single), and 

older people were more likely to seek help in primary care for alarm symptoms in the British 

populations (Whitaker et al., 2016, Hannaford et al., 2020). As to education, smoking status and 

duration, patient’s SES and household income, the results were less consistent, depending on the 

study sample and how the variables were operationalised in studies (binary, categorical, and the 

cutoff values).  

7.3.3.1 Symptom recognition and the help-seeking behaviours 

Whether patients can recognise the symptoms they experience are alarm LC symptoms or not, is 

a prerequisite of making the decision to visit their GP. An Australian study found no significant 

difference in symptom recognition between current and former smokers (Crane et al., 2016). In 

the community settings, current smokers were more likely to experience cough, breathlessness, 

and tiredness (Walabyeki et al., 2017). A Danish web-based survey reported that 39.6% of 

patients (3,080/7,870) with at least one respiratory alarm symptom contacted their GPs, but the 

percentage of consultation for specific respiratory alarm symptoms varied, from 27.4 % of 

prolonged hoarseness to 49.7 % of shortness of breath (Sele et al., 2016). This study observed a 

34.4% (295/858) consultation rate of potential LC symptoms from GP notes. The published article 

of the NAEDI study (Wagland et al., 2016) reported that 53.7% (629/1,172)5 of total participants 

                                                           

5 Not all the participants completing the questionnaire gave consent to researchers to review their health 
records.  
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reported ≥1 symptom in the IPCARD questionnaire, and 35.1% (411/1,172) reported ≥2 

symptoms. There was a difference in the proportions between patient-reported symptom 

experience (53.4%) and help-seeking for potential LC symptoms (34.4%, actual behaviour). 

There are several possible explanations for the observed difference. Alarm symptoms indicative of 

LC in clinical guidelines are not necessarily considered as alarming by the general population, who 

may instead normalise such symptoms as part of the fluctuations in daily life (Smith et al., 2009, 

Brindle et al., 2012), attributed to the long-term smoking habit or the other diagnosed 

cardiorespiratory comorbidities (McCutchan et al., 2019). Non-consulters may also have a higher 

tolerance for symptoms, and are more likely to manage symptoms by themselves (Wagland et al., 

2016). Some patients may not realise the symptoms they experienced were ‘alarming’ until they 

filled in the IPCARD questionnaire, which triggered their help-seeking behaviours. This may 

explain the observed increase in primary care consultations after the questionnaire survey 

(Wagland et al., 2016). The ‘symptom iceberg’ theory (Last, 1963, Hannay, 1980) discussed in 

subsection 2.5.5 may also explain the observed difference. Besides doing nothing and consulting 

with GP, patients may apply some lay care strategies to manage the symptoms by themselves, 

which included taking OTC medications, seeking advice from pharmacists, complementary 

therapists, NHS 111, but this assumption could not be ascertained from the study data.  

7.3.3.2 Patient’s characteristics and the patterns of primary care consultations 

Women and older age were significantly associated with a higher frequency of GP contact. 

Generally, women are more aware of their health and the uncommon bodily changes. When 

noticing new symptoms, the emotional response (the level of worry and anxiety) is different 

between men and women (Briscoe, 1987). Furthermore, the degree that the symptoms interfere 

with daily activities may also differ in sex, all of which may explain the difference in help-seeking 

behaviours between sexes. Despite having a higher risk of developing LC, smokers were less likely 

to seek help for common respiratory symptoms of LC than non-smokers in community settings 

(Chatwin and Sanders, 2013, Friedemann Smith et al., 2016, Walabyeki et al., 2017). Long-term 

smokers were more likely to delay presentation in primary care with symptoms (Smith et al., 

2009). This study sample had a relatively long smoking history, 32.2±15.4 years on average. The 

proportion of current smokers was much higher in patients in Cluster 7 (no visit at all) than the 

other six patient clusters (P=0.017), suggesting that the current smoking behaviour is a barrier for 

patients to see their GPs. Sele et al. (2016) reported that current smoking status and alcohol 

consumption were significantly associated with lower odds of contacting GP in both sexes among 

the Danish patients. People choosing healthy lifestyles may be more likely to take actions when 

they experience symptoms, while individuals with excessive tobacco and/or alcohol intake may be 
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more willing to take a risk, or not realise they have an increased risk of disease (Weinstein et al., 

2005) than those choose a healthy lifestyle. 

7.3.4 Clinical relevance and implications  

7.3.4.1 Potential opportunity to encourage patients at high risk to seek help more 

promptly in primary care 

Although the study sample had a higher risk of developing LC, a promising note was that about 

95% (858/899) of patients had at least one attendance in general practice for various reasons. 

This could be an opportunity for primary care professionals to provide health education or 

accessible information (like leaflets, brochures) for these patients. LC awareness campaigns could 

target heavy and long-term smokers, encouraging them to initiate contact with GP if they 

experience any alarm symptoms. Based on the current findings from this study, more efforts 

should be put to raise the awareness among patients in Clusters 6-7, as patients in the other five 

clusters have already sought help for potential LC symptoms and/or cardiorespiratory diseases. 

The Australian CHEST trial (Emery et al., 2019) observed a significant 40% relative increase in 

consultations about respiratory symptoms among patients at increased risk of developing LC in 

the intervention arm, who received a self-help manual to improve knowledge of respiratory 

symptoms, followed by patient preferred reminders (SMS/email reminders, postcards, phone 

calls, or fridge magnets) to encourage help-seeking when experiencing symptoms, compared with 

those in the control group having a brief discussion about lung health with a trained researcher. It 

would be helpful to conduct studies to explore effective and friendly ways to get specific and 

tailored health messages to the populations at high risk in social campaigns. Theory-based 

interventions incorporating behavioural change techniques have the potential to prompt earlier 

consultation in symptomatic patients at high risk. 

7.3.4.2 New campaign to improve smoker’s lung health 

The Targeted Lung Health Check is a new service provided by NHS England. As mentioned in 

subsection 5.4.2, people aged 55-75 years old that have ever smoked and registered with a GP 

(patients at high risk) are eligible for a free lung health check in some parts of England. 

Southampton is one of the pilot sites. This campaign aims to early detect cardiorespiratory 

problems and help diagnose LC at an earlier stage when treatments are likely to be more 

successful. Neutral language was used for the branding of the service, as “Lung Health Check”, 

rather than “Lung Cancer Check” to avoid negativity and to increase the uptake of this service.  
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A community-based lung health check programme in Manchester identified a high prevalence 

(37.4%, 944/2525) of airflow obstruction (Balata et al., 2020), where half (49.7%, 469/944) of the 

patients with airflow obstruction had no previous diagnosis of COPD. This means that airway 

obstruction is common in smokers in the 55-75 age group and confirms that COPD is 

underdiagnosed in English community-based patients (also discussed in subsection 7.2.5.2). 53.3% 

(250/469) of those without a prior diagnosis of COPD were symptomatic, which meant patients 

did not seek help even with symptoms. The NAEDI study also had the same finding (subsection 

7.3.3.1). The authors found that male sex, younger age, lower smoking duration, fewer cigarettes 

per day (three continuous variables) were associated with the detection of airflow obstruction 

without a prior COPD diagnosis in multivariable analysis. These findings indicated the importance 

of health education in patients, to raise their awareness of symptoms and to encourage them to 

see their GP timely when experiencing symptoms. Early detection of COPD is important for LC 

surveillance (Sekine et al., 2012). If the lung health check is proved cost-effective and rolled out in 

the whole country in the near future, it is promising to early detect COPD in patients at high risk 

and monitor the disease progression in primary care.  

7.3.4.3 The practice effect and clinical implications 

Based on the preliminary exploration, practice effect was observed in this study. When reviewing 

the transcribed GP notes, cervical smear test was recorded in practice 2 only, but not in other 

practices. Cervical smear test is part of the NHS services and offered to all women and people 

with a cervix aged 25 to 64. This example reflects the difference in GP’s recording habits among 

different practices. Similarly, the number of potential LC symptom consultations could be 

influenced by GP’s recording habits. However, it was very rare that GPs referred patients to CXR 

and/or specialists due to non-LC symptom presentations. GPs in practice 8 seemed to be more 

vigilant in patients presenting with potential LC symptoms. The diverse patient makeup and a 

large proportion of patients in that practice from lower socioeconomic backgrounds may explain 

GP’s vigilance. Patients in practice 7 had a lower participation rate in this study. Patients in 

practice 5 had a lower frequency of visiting their GP, being recorded and investigated of potential 

LC symptoms. This indicates that there may be a structural problem in some practices, but we 

cannot ascertain this assumption with the current study data. Fear of being judged or blamed for 

their smoking and/or drinking behaviours by HCPs was reported as a barrier to prompt help-

seeking (Scott et al., 2015, McCutchan et al., 2019). A positive attitude from the HCPs during the 

consultation and creating a supportive environment is vital to building trust with the patients.    

We can observe the difference in management strategies by GP for patients with potential LC 

symptoms. However, it is not possible to know the diagnostic reasoning based on the GP actions 
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from the health records. It may be possible to conduct interviews to understand GP’s diagnostic 

reasoning and ask GP to comment on the differences in the cluster patterns of primary care 

sequences. However, this is out of the scope of the current study. Even if asking GP to comment 

back why they managed their patients in a particular way, it may be difficult for them to 

remember why they made that decision at that time. 

Distinguishing symptoms due to benign respiratory conditions from LC is difficult. GP should 

consider the patient’s background health conditions, medical and family history, and use decision 

support tools, like QCancer (lung)(Hippisley-Cox and Coupland, 2011) embedded in the NHS 

primary care computer system, to estimate individual patient’s risk. For those identified as “high-

risk” and qualified for the two-week wait referral, GP should refer them for further investigation 

without unduly delay.  

7.3.5 Strengths and limitations of the empirical analysis 

Data on some known factors that could influence patients’ help-seeking behaviour in primary care 

were collected in the NAEDI study, and the original information was used as much as possible in 

the analysis. Different statistical techniques were employed to analyse the data to understand 

patients’ help-seeking behaviour and the primary care sequences from different angles. The 

results were fully reported, compared, and discussed. All of these are the strengths of the 

empirical analyses.  

There are several limitations of the empirical analyses. Overfitting was a problem in the 

multivariable multinomial logistic regression model, probably due to a small sample size for a 

large number of outcome categories. There is currently no algorithm available to conduct post 

hoc power calculation for multinomial logistic regression in mainstream statistical software. The 

small sample size also limited a full exploration of the practice effect. Practice 7 only had 22 

patients. Future studies with a larger sample size per practice could increase the statistical power 

and be in a better position to further explore the heterogeneity of patients’ help-seeking 

behaviours and the cluster patterns of primary care sequences, and the practice effect.  

Another limitation is the scope of data collection. Only data at the patient level were available. It 

is possible to get more insight of the practice effect, if practice level data and GP characteristics 

were available, like the size of practice (the number of registered patients), the number of GP in 

each practice, the ratio of patients per GP, the numbers of full-time GP/salaried GP/locum 

GP/female GP/home-trained GP (UK qualified), GP age, the location of the practices (urban/rural 

area), whether the practice is a training practice or not, and the QOF points. These indicators 



Chapter 7 

194 

were used in a study of primary care health services research for early cancer diagnosis (Maclean 

et al., 2015). Getting some of these indicators would be very helpful to analyse how GP and 

practice factors could explain the practice effect.  

The empirical findings may also relate to the limitation of SA. The algorithm might classify some 

sequences incorrectly. This is another explanation why it was difficult to use the patient 

characteristics to explain the variation of the cluster patterns. However, we cannot know the true 

cluster membership for each patient, and there is no gold standard to verify this. Cluster analysis 

belongs to unsupervised learning, which allows the method to discover the patterns of unlabelled 

data. This topic is further discussed in subsection 8.7.2.  

7.4 Conclusion of the empirical analysis phase 

Age and comorbidities were the two significant patient characteristics in different models. It was 

possible to distinguish patients with transient LC symptoms (Cluster 1, probably benign 

presentation) from the other three clusters of patients with potential LC symptoms, with four 

patient characteristics (age, the numbers of potential LC symptom consultations and total visits, 

and full-time employment). However, the available patient characteristics were still unable to 

explain the variation of GP management among Clusters 2-4. Practice effect on the attendance 

rate and patient management was explored and observed. Patients at high risk of developing LC 

but not yet diagnosed with LC may be at different levels of risk, particularly among patients who 

did not visit general practices at all. This study provides some preliminary empirical findings, 

which needs to be corroborated by future studies with a well-designed study with a bigger sample 

size. 
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Chapter 8 General discussion and conclusion 

8.1 The central argument of this thesis 

The motivation to conduct this PhD study is to address a fundamental health problem in England 

– late diagnosis and poor survival of LC. In this thesis, I argue that studying primary care 

sequences (pathways) is an important research direction and should be integrated in the field of 

early diagnosis research, especially for the ‘harder to suspect’ cancer like LC. Through extensive 

literature reviews, it is established that primary care sequence is still uncharted territory, 

probably due to the lack of proper statistical methods to cope with the complexity of 

interdependent patient-GP events (help-seeking and clinical management) over time. SA is the 

statistical method proposed to study primary care sequences. Through the whole study, I try to 

demonstrate the value of using SA to classify different cluster patterns of care sequences. 

Additionally, I discuss how SA could advance knowledge, promote earlier diagnosis, and improve 

LC survival in this thesis. 

8.2 Key messages and findings from this PhD study 

8.2.1 The research gap this study addresses 

The systematic scoping review concluded that SA has not been used to study complex primary 

care sequences, nor in the field of early diagnosis research, which is the research gap this PhD 

thesis addresses. In addition, this study focuses on a less investigated but the target population 

for early cancer diagnosis – patients at high risk.  

8.2.2 Characteristics of patients at high-risk and their help-seeking behaviours 

This study sample had a relatively long smoking history (32.2±15.4 years on average, patient-

reported outcome), compared with their age (65.6±9.4 years). About 32% of patients (286/899) 

were still active smokers. Their comorbidity burden was high. About 80% of patients had at least 

one comorbidity. Over 95% of patients (858/899) visited general practices at least once during the 

observation period, median 9 visits in 29 months, ranging from 1 to 54. About one-third of 

patients (295/899) presented with potential LC symptoms in primary care. Most patients just 

consulted once (47.8%, 141/295) or twice (24.4%, 72/295), but ten patients (3.4%) consulted ≥6 

times. For patients having ≥2 visits of potential LC symptoms, the median interval between 
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presentations was 61.5 days, IQR [16, 217] days. These descriptive statistics provide new 

knowledge on high-risk patients’ help-seeking behaviours in primary care. 

8.2.3 Cluster patterns of primary care sequences in the NAEDI study 

The added value of SA is the cluster patterns containing clinical features summarised the 

longitudinal information from individual primary care sequences. This study sample was 

categorised into seven clusters, and these cluster patterns are also new knowledge from this 

study.  

1) GP ordered tests or prescribed medications for patients with transient LC symptoms 

(probably due to benign presentations, n=133/899, 14.8%); 

2) Patients presented with potential LC symptoms, GP ordered CXR or referred them to the 

specialists (n=65, 7.2%); 

3) GP offered health advice for patients presented with potential LC symptoms (n=60, 6.7%); 

4) Patients presented with potential LC symptoms multiple times, and received repeated 

prescriptions from GPs (n=37, 4.1%); 

5) Patients without potential LC symptoms, but had consultations related to cardiorespiratory 

comorbidities and/or other alarming symptoms indicating severe health problems (n=326, 

36.3%); 

6) Patients only had minor care needs (without potential LC symptoms, nor cardiorespiratory 

comorbidities or severe health problems, n=237, 26.4%); 

7) Patients did not visit GP at all (n=41, 4.6%). 

8.2.4 The association between patient characteristics and cluster patterns 

Ten patient characteristics were useful to differentiate the seven clusters, including age, the 

numbers of visits to general practices and potential LC symptom consultations, comorbidities, 

current smoking status, full-time employment, COPD, asthma, hypertension, and other heart 

diseases. Sex, the years of smoking, marital status, SES (IMD quintiles), education (highest 

qualification) were nonsignificant factors. In the four clusters of patients with potential LC 

symptoms, patients in Cluster 2 were the oldest. There was no significant difference in patient 

characteristics between Cluster 2 (CXR/referral) and Cluster 3 (GP advice). Patients with transient 

LC symptoms (Cluster 1) were younger and had a higher percentage in full-time employment.  

Patients receiving multiple prescriptions (Cluster 4) had a higher comorbidity burden, higher 

prevalence of COPD and hypertension. 
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Although all patients had an increased risk of LC, heterogeneity still existed between patients in 

different subgroups. Patients may be at different levels of risk of developing LC. Unfortunately, 

it was not possible to quantify the risk, nor verify this hypothesis based on the available study 

data. This could be a research direction for future work. Overfitting in the regression model was a 

challenge, mainly due to the small sample size for a categorical outcome, which may be 

underpowered to detect a potentially significant difference. 

8.2.5 The gap between patients experiencing symptoms and help-seeking behaviours 

There was a gap in the proportions between patient-reported symptom experience in the postal 

questionnaire survey (53.4%) and the actual help-seeking behaviour for potential LC symptoms 

from GP notes (34.4%) in the same study sample. Some patients may not realise that the 

symptoms they experienced were ‘alarm’ symptoms until they filled in the IPCARD questionnaire. 

Some may apply to lay care strategies to self-manage the symptoms. Some may not do anything 

at all for their symptoms. However, there was no information available to confirm these 

hypotheses. But a promising note was that about 95% of patients had some contact with general 

practice for various reasons. This could be an opportunity for primary care professionals to 

provide health education or accessible information for patients at high risk. Social campaigns for 

LC symptom awareness could target at heavy and long-term smokers and the most deprived 

groups, to encourage them to contact GP if they experience any usual symptoms. 

8.2.6 Practice effect 

The practice effect was explored and observed. Practices had their own ways to manage their 

patients. GPs in practice 8 were probably more vigilant of patients presenting with potential LC 

symptoms and more proactively managed their patients than GPs in other practices, probably 

because patients in that practice were from lower and more complex socioeconomic 

backgrounds. Patients in practice 5 had a lower attendance rate and a lower proportion of 

potential LC symptoms being recorded by their GPs than patients in other practices. Patients in 

practice 7 had a substantial lower participation rate of the study. All these indicate there may be 

structural problems in some practices. It would be interesting to explore the practice effect of 

primary care sequences in future studies, which has the implications of the health services audit 

and quality improvement in primary care.  
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8.3 Reflection and further discussion 

8.3.1 The face validity of the study findings 

This study is the first of using SA to study primary care sequences in patients with a high risk of 

developing LC. There are no findings from other studies for this study to compare with. Instead, 

this study provides some initial findings. The thesis title points out this study is “exploratory”. The 

purpose of this PhD study/thesis is more to tackle the essential issues, establish the analytical 

procedures, gather the initial findings, generate hypotheses based on observations and results, 

and pave the way for future studies. Therefore, I would like to more focus on the face validity of 

the findings, rather than overstating result generalisability. 

Face validity originally means the extent to which a test is subjectively viewed as covering the 

concept it purports to measure in psychometrics. A test can be considered having face validity if it 

"looks like" it is going to measure what it is supposed to measure (Holden, 2010). In this study, 

face validity means the extent that SA and cluster analysis can classify sequences and create 

meaningful typology. In this sense, the face validity is good, as the cluster patterns of LC symptom 

sequences make sense in the empirical context. In addition, patient characteristics can explain 

part of the cluster patterns (discussed in subsection 7.3.2). The difficulty in explaining the three 

clusters of patients with potential LC symptoms but managed differently by GPs is probably due to 

the small sample size and other unavailable information. 

Generalisability means the results from a sample can be extended to the population from which 

the sample is drawn, also known as external validity (Murad et al., 2018). This concept relates to 

sampling theory and can be evaluated by examining the size, characteristics, and 

representativeness of the study sample. Sample representativeness was previously discussed in 

subsection 5.4.2. The limitations of the sample selection method and sample size were 

acknowledged and discussed in the data quality sections. Sample representativeness is a 

necessary but not sufficient condition to generalise study findings. Another concern of 

generalisability is data timeliness. Representativeness is time- and place-specific and will therefore 

always be a historical concept (Nohr and Olsen, 2013). The study period is from 2010 to 2012, 

which is already ten years from now. It is fine to use historical data for methodological 

exploration. But there may be some changes in coding, clinical practice, guidelines, and 

documenting requirements in EHRs by the health authorities in the last decade. If we want to 

generalise the findings, it is better to use contemporary EHRs data (further discussed in 

subsection 8.7.1) and representative study samples for SA in future studies.   

https://en.wikipedia.org/wiki/Subjectivity


Chapter 8 

199 

8.3.2 Reflection on the strengths and limitations of the whole study 

The discussion of the strengths and limitations for individual aspects of this study are placed in 

each chapter as the thesis develops, including the systematic scoping review (subsection 4.4.7), 

the study sample (subsection 5.4.3), the primary care data (subsection 5.4.4), the methodological 

exploration (subsection 6.7.7), and the empirical analysis (subsection 7.3.5). By reflection, I 

summarise the strengths and limitations of the whole thesis in this subsection, rather than 

repeating the previous contents here. This study was carried out in a systematic approach by 

conducting thorough reviews to identify the research gaps, tailoring the methodological 

exploration for a unique study sample and the specific research context, using a wide range of 

statistical techniques to answer all the RQs, and integrating the methodological and empirical 

works. These are the strengths of the whole thesis. Such strengths enable me to make original 

contributions to the early diagnosis research field (further discussed in section 8.4).   

There are three main limitations in this study. The first one is data. The sample size is small, 

especially for patients presented with potential LC symptoms. Some important patient and 

practice level variables are not available. The small sample size and the data availability restricts 

the scope of exploration. The second limitation is the study sample. The original study design 

limits the sample size and the sample selection. The study sample was representative of being 

high risk, but they were from a handful of participating practices. Therefore, the study sample was 

less likely to be representative of the whole high-risk population in England. The third limitation is 

methodology. The algorithm might misclassify some sequences, and there is no gold standard to 

verify the cluster membership for an unsupervised learning method. A large number of clusters 

make running a multivariable multinomial logistic regression difficult. I also make some 

recommendations for future research (in section 8.6), based on my reflection on the limitations of 

this study and asking myself “how can I design better studies if I have better resources?” 

8.3.3 Rethinking the conceptual models of the cancer care pathway 

An important question has emerged during the exploration of the LC symptom sequences – is it 

possible to know when the patient presents with ‘the first symptom’ of LC and identify ‘the first 

clinical presentation’ from health records? The two popular conceptual models of cancer care 

pathways were presented in Figure 1.1 and Figure 2.5, respectively. Many studies in this field 

report different intervals based on these two conceptual models. The second model (Walter et al., 

2012) recognises that ‘patient appraisal’, ‘help seeking’, ‘diagnostic’, and ‘pre-treatment’ is an 

iterative process (marked as circles in the model), rather than a linear and straightforward process 

in the first model (Olesen et al., 2009). This study sample was not diagnosed with LC, but one-
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third of them presented with potential LC symptoms. Some patients even had several 

presentations. It is more likely for the patients to remember when ‘the first symptom’ appears for 

some unusual or alarm symptoms, like breast lump or testicular lump through self-examination, 

or coughing up with blood (haemoptysis), blood in stool (rectal bleeding), blood in urine 

(haematuria) by self-observation, and seek help from an HCP. Therefore, it is more likely to get 

accurate information about ‘the first presentation’ of more specific symptoms for cancer from 

EHRs. But for cancer without specific symptoms, like LC, it may be difficult to identify the ‘first 

symptom’. The ‘first presentation’ could be just the ‘first observed’ presentation in the study 

period defined by researchers. Patients may present similar symptoms before or after the study 

period. These two conceptual models are helpful to simplify the complex care processes and 

pathways. However, when applying them to study specific cancer type, researchers need careful 

consideration and make adaptions. 

8.4 Original contributions of this PhD study 

This is the first study investigating primary care sequences among a group of high-risk patients for 

early diagnosis research. Most published studies use patients with a confirmed diagnosis of LC, or 

focus on selecting patients at high risk for LC screening. High-risk patients are the target 

population for early diagnosis and have significant clinical implications, but they are less 

investigated. Therefore, the characteristics of the study sample and studying primary care 

sequences are the two aspects of novelty in this PhD study.  

The first original contribution of this thesis is in the conceptual and methodological aspects. I 

argue the importance of studying longitudinal primary care sequences for early cancer diagnosis 

and provide a new research perspective for this field. This is an original idea, which is very 

different from the existing theoretical framework and empirical studies focused on identifying 

risk factors or calculating the diagnostic interval using the conceptual models in this field. 

Secondly, I propose a novel statistical method (sequence analysis) to study interdependent 

patient-GP events in primary care sequences. No study has ever used SA to study interdependent 

GP-patient events. Therefore, this is original. Thirdly, I contextualise SA in primary care sequences 

for health services research and propose several methodological solutions. For example, I propose 

two approaches to construct primary care sequences – by visit and in a timeline. A “no visit” state 

could be used to fill the gaps between events when constructing sequences in a timeline. I also 

propose two ways to reflect the interdependent patient-GP events in the sequences, i.e. 

combining patient and GP states together and using traditional SA, and creating an extended 

alphabet and using MCSA. I argue the former approach is more fit for the research purpose of this 

study. I also propose and argue the importance of a reference event/point in the sequences. 
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These original methodological innovations are applicable and generalisable to the other studies. 

Fourthly, I establish the whole analytical process and explain how the findings can be presented in 

different ways (figures and tables). None of the studies has applied state and event SA in such 

depth or has integrated both methods to make the results as informative as what I have done in 

this thesis. Finally, I also make some recommendations for using SA in health research for other 

researchers. This study demonstrates the potential and the value of using SA to study primary 

care sequences leading to the diagnosis of LC and paves the way for future research. The 

contribution has been made through the original application of existing knowledge to 

implement a novel research idea and to enhance the understandings in the field of early 

diagnosis research.  

The empirical findings (summarised in section 8.2) reveal the heterogeneity in both patients’ help-

seeking behaviours and the patterns of primary care sequences. These patterns may be helpful 

for GPs to manage patients with a high risk of developing LC. In addition, the heterogeneity at 

practice level was explored. Most studies include patient’s characteristics as explanatory variables 

or confounding factors, but very few explore the practice effect, which is a novelty of this study. 

As an exploratory study, this study produces some initial findings and clues that contribute to 

informing how to design future studies to gain a deeper understanding of the heterogeneous 

primary care pathways to LC diagnosis among patients at high risk (section 8.6 below). 

8.5 Recommendations for other researchers on how to use SA in health 

research 

Based on the methodological exploration in this study, this section summarises my experiences, 

learning points, and some recommendations that I think would be helpful for other researchers if 

they consider using SA to study health trajectories in other diseases in their studies. 

8.5.1 Data preparation 

If using EHRs to conduct a large scale population-based study, it is sensible to include as many 

relevant variables as possible and have comprehensive code lists in the study design phase for 

data extraction. It is more convenient, economical, and time-saving to use part of a 

comprehensive dataset, rather than to prepare for the codes and extract the EHRs multiple times 

from the database when finding the data is insufficient in the analysis phase. However, selecting 

the right information (variables) to answer the RQ is the key. Data source is further discussed in 

subsection 8.7.1. 
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8.5.2 State specification 

SA has a substantial part of subjective decision and interpretation. It is essential to apply prior 

knowledge, judgement, and have expert input when specifying the states. It needs careful 

consideration in the study design phase and deciding what variables should be included in the 

sequences. Time is well spent to choose the right variables, and tailor the states for specific RQs, 

as the states will directly influence the outcome of the analysis. Do not include more states in 

the sequences than necessary, as including more irrelevant elements could make the sequences 

more complex and may bring more noise into the sequences and dilute the states of interest in 

smaller percentages. This may lead to failure to identify useful patterns. For multiple correlated 

dimensions, whether to combine the dimensions together or create an extended alphabet and 

use MCSA is context-dependent. 

8.5.3 Construct and analyse sequences 

There are many possible ways to construct and analyse sequences, depending on the RQ, study 

population, specific context, and the available information and dataset. I propose and 

demonstrate two approaches of constructing primary care sequences – by visits and in a timeline, 

and discuss the implications for each approach. It is more sensible to construct the sequences by 

visits in this study, with reasons explained in subsection 6.4.2 (P136). In addition, a common 

meaningful reference event and/or time point is important to make the sequences comparable 

and assist the interpretation of the findings (cluster patterns). The start or end reference point 

for the sequences is determined by the RQ. For example, when studying sequences leading to 

cancer diagnosis, constructing sequences in a timeline and making the date of diagnosis as the 

endpoint is a good strategy. But in this study, the first observed potential LC symptoms was made 

as the start reference point for the sequences. In addition, the interval of the timeline could be 

adjusted to fit with the research context (e.g. shorter interval when it is closer to the diagnosis). 

8.5.4 The choices of dissimilarity measures and cost setting 

Sequences with the same length have more choices of dissimilarity measures (algorithms). The 

choice of dissimilarity measure and cost setting depends on which aspect we want to focus on. 

Each dissimilarity measure has its characteristics and advantages to identify patterns on a specific 

aspect. If researchers have theoretical or empirical support from existing references and would 

like to focus on some specific traits of the sequences, then choose the dissimilarity measure 

directly. If not, it is recommended to explore different dissimilarity measures and cost setting 

schemes, as sensitivity analyses, and compare the outputs and results to find the optimal solution. 
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8.5.5 Clustering structure and deciding the optimal number of clusters 

SA is exploratory in nature and there is no gold standard to determine the final typology. I 

proposed some criteria to determine the optimal number of clusters and explored the usefulness 

of these criteria in this study. It is recommended to check whether there are any outlier 

sequences first, and then decide whether to include or exclude the outlier sequences in the 

analysis. For pragmatic reasons, the number of clusters should not be too large (e.g. over ten). A 

statistical indicator like the ASW value could be used as a reference to assess the clustering 

quality for SA. However, it is not recommended to use ASW as the key determinant to choose the 

optimal number of clusters, as the solution with the highest ASW value may not be the best one 

in the empirical contexts. Making sense of the clusters in context (face validity) is more important 

than the results based on a statistical indicator. However, different clustering solutions with 

similar ASW values may reassure researchers to choose the one that fits the empirical contexts 

the best, as similar ASW values indicate the quality of different clustering is at the same level 

(discussed in subsection 6.7.4). In summary, the interpretability of cluster patterns within a 

specific research context, clustering quality assessed by statistical indicators, the number of 

clusters in the typology, and the number of sequences (sample size)  in each cluster, should be 

considered together when making the decision.  

Should the clusters be further used in other statistical analyses (e.g. regression model), 

researchers should consider the pragmatic criteria above, especially when the clusters will be the 

dependent variable in multinomial logistic regression. More clusters could make the results in the 

model more challenging to interpret. Results with a smaller number of clusters may have more 

advantages.  

8.5.6 Presentation of the cluster patterns  

The intuitive graphic presentation can make the communication of results easier. Sequence index 

plots can be used to present individual sequences and the outlier sequences, state distribution 

plots to present the cluster patterns, and state frequency plots for the most frequent sequences. 

The tree-structured dendrogram can tell us how the sequences are grouped and the clustering 

structure. Regression tree can show how the cluster patterns change step by step in a figure when 

splitting the nodes, making it easier for researchers to communicate the process with the readers. 

Event SA can provide extra information in text for readers to understand the event patterns, 

which is complementary to the graphic presentation. These tools are all useful to present 

simplified information from complex sequences on different aspects. The authors should provide 

some interpretations in text to help readers understand what each cluster means in the typology. 
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8.5.7 A final reminder 

As Pollock (2007) pointed out, SA sits somewhere between purely narrative and traditional 

variable analysis, and it does involve a substantial part of subjective interpretation at each step. 

However, this is not necessary the weakness of the method. It is more related to the nature of 

applied health research. Even using established statistical methods like regression models in 

health studies, the final models often involve subject knowledge and researchers’ judgment on 

the meaning of variables in the research context, not just based on some statistical indicators like 

adjusted R2, Akaike information criterion (AIC), or Bayesian information criterion (BIC). SA could 

be a helpful method for exploratory studies, and we may require a new mindset, different from 

other statistical methods (e.g. regression), to embrace it and use it. 

8.6 Recommendations for future research and potential implications 

for policy and practice 

8.6.1 Recommendations for future empirical studies for early diagnosis research 

This study investigated primary care sequences using GP notes in free text. The same research 

process can be performed in a population to study the primary care pathways with a confirmed 

diagnosis of primary LC (different study sample) using EHRs from validated databases (different 

data source), which could increase the sample size, geographical coverage, and the 

representativeness of study population to better characterise the primary care pathways to LC 

diagnosis. The comparison of research evidence in different clinical periods and populations can 

help us better understand patients’ care needs and gain a holistic perspective of the disease 

trajectory, which may have implications in health services planning, and proactively monitoring 

patient’s disease progress. Due to a small sample size and only several practices in this study, 

traditional statistical methods were used to explore the practice effect. However, it is unrealistic 

to use the same analytical approach for a population-based study with a large sample size and 

patients from hundreds of practices. Multilevel multinomial logit model may be more suitable. In 

addition, practice level data and GP characteristics (summarised in subsection 7.3.5) are also 

helpful for exploring the practice effect and explaining the heterogeneity.  

Another possible research direction to investigate the primary care sequences in patients at high 

risk is to select a retrospective cohort from a big EHR database and perform a baseline risk 

assessment using validated risk prediction models developed from the British population, e.g. the 

LLP risk model (Cassidy et al., 2008) or QCancer (lung)(Hippisley-Cox and Coupland, 2011). 

Researchers could select patients at the same level of baseline risk at the start point (e.g. 5-year 
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absolute risk threshold of ≥2.5% in the LLPv2 model as a “high-risk” study sample in 2015), and 

then use EHR data to understand their primary care sequences onwards (e.g. 2016-2020). Some 

patients may get LC diagnosis during the follow-up, some may not. This study design allows us to 

understand the heterogeneity of disease development for patients at the same level of risk at 

baseline and identify the phenotypes of disease trajectories. Such research evidence could inform 

the design of different intervention strategies for different patient subgroups. This is an 

improvement of the current study, as patients in the NAEDI study, even though they were long-

term smokers, were probably at different levels of risk. We do not know the absolute risk of 

individual patients and it is difficult to explain the heterogeneity of the sequences in this study 

sample. The proposed study is conceptually simple, but this project needs a lot of resources, 

including a large database with extensive linkage to the clinical outcomes (cancer case 

ascertainment and staging information from cancer registration, and preferably, mortality data 

from ONS), skilled statisticians to process the data and perform the analysis. It is also 

computationally demanding, as it needs to calculate the baseline risk for the whole cohort in the 

EHR database to assess subject eligibility to meet the inclusion criteria. It needs teamwork and 

several years of fundings to conduct such a big scale of study.  

Together with the existing conceptual model of the cancer care pathway and the ‘route to 

diagnosis’, the cluster patterns have great potential to produce more new knowledge. The 

associations between the cluster patterns, different intervals in the pathway, routes to diagnosis, 

and important clinical outcomes such as stage at diagnosis and cancer survival, could be explored, 

adjusting for relevant variables at patient or practice level in the model. Furthermore, the 

predictive value of different patterns of sequences in diagnostic and prognostic models could be 

investigated and compared. Again, this type of study needs a larger sample size and extensive 

data linkage in the EHR database to make such investigation possible. 

8.6.2 Research is needed to assess the impact of COVID-19 on early cancer diagnosis 

Before Coronavirus disease (COVID-19), primary care in England was already under great 

pressure. The way GP manages patients has changed dramatically during COVID-19. For example, 

when the UK government announced the national ‘lockdown’ on 23rd March 2020 to contain the 

spread of coronavirus and mitigate the negative impact, the majority of consultations in primary 

care were delivered by telephone or video consultation without face-to-face contact with the 

patients. There may be indirect consequences relating to the changes in the access and delivery of 

health services. This may cause extra barriers to patient-GP communication as non-verbal cues 

are unavailable, which may influence GP eliciting symptoms from patients. Meanwhile, patient’s 

help-seeking behaviours also changed, as patients were told to “protect the NHS” and may not 
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want to “bother the doctors” at this critical time. Therefore, patients may delay help-seeking even 

with symptoms, or misinterpret the symptoms were related to COVID-19. In addition, patients 

with existing respiratory conditions may be more vulnerable to COVID-19. All of these may affect 

how and when the diagnoses are made. The COVID-19 could result in a delayed diagnosis of 

cancer and exacerbate health inequalities if certain subgroups of the population (e.g. the elderly, 

deprived, or ethnic minority) are less able to access health services. How COVID-19 influenced 

patient’s symptom interpretations, help-seeking behaviours, pathways to LC diagnosis, waiting 

time to start the first treatment, and the survival outcomes would be an interesting research topic 

for future studies in the next several years.  

8.6.3 Recommendations for future methodological work   

The systematic scoping review identified two research gaps, which could be opportunities and the 

research directions for future studies. One is developing a critical appraisal tool to assess the 

quality of studies using SA (subsection 4.4.7). The reporting of using SA still needs strengthening. 

A guideline for clear reporting of the technical details related to the analytical process. These 

works will be helpful for both authors and readers (subsection 4.5.1).  

The third possible research direction is to explore other statistical methods that are capable of 

analysing interdependent patient-GP events together over time, and to compare the strengths 

and limitations between different statistical methods.  

8.7 Connect this thesis to the wider research fields and disciplines 

8.7.1 Data source: big data, real-world data, and EHRs 

There is no clear definition for ‘big data’, but the term is usually used to refer to datasets with 

many participants and/or variables using large scale record linkage. Epidemiologic principles and 

statistical techniques are often applied in big data to answer RQs in biomedical research, to 

provide evidence of health profiles and disease trajectories, build prediction models for individual 

patients, infer associations and risk factors, and stratify patient groups (Lawlor, 2019). 

EHR database contains rich and ‘live’ data from thousands and millions of patients, which 

becomes a trending data source for population-based research to provide real-world evidence 

and inform health policy. Compared with clinical trials with a relatively small sample size and strict 

inclusion and exclusion criteria, EHR can have a broader population coverage to observe patients’ 

trajectories (Frohlich et al., 2018). Although the strength of evidence from clinical trials is higher 

than that from observational studies in the evidence hierarchy (Guyatt, 1995), some RQs in health 
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research cannot be addressed by interventions or randomised controlled trials, because of the 

feasibility, practical and ethical concerns. Observational studies using EHRs could be an alternative 

approach. 

The most commonly used databases in the UK primary care setting include the Clinical Practice 

Research Datalink (CPRD)(Herrett et al., 2015, Wolf et al., 2019), The Health Improvement 

Network (THIN) database, the QResearch database, and the Secure Anonymised Information 

Linkage (SAIL) Databank in Wales (Lyons et al., 2009). Primary care records could be linked with 

secondary care records (hospital admissions, A&E attendances, and outpatient appointments in 

NHS hospitals), national cancer registration and analysis service, mental health services data set 

(MHSDS), and ONS death registration (Herbert et al., 2017). The linked data have great potential 

to provide a full picture of the whole patient care pathway, which is suitable for study designs like 

retrospective cohort studies and (nested) case-control studies. Despite its importance as a clinical 

outcome, there are substantial missing data in cancer staging in the current British healthcare 

databases (e.g. CPRD and HES), even in the cancer registry. The completeness of cancer staging 

data has been improving in recent years. However, up to 40% of staging data is still missing in the 

most recent available cancer data (in 2017, personal work experience of using the cancer registry 

data linked to the QResearch database). The lack of complete and reliable staging data has a 

significant impact on the scope of empirical works. 

Clinical and administrative information is usually recorded in the database in a timely manner. The 

events and dates of referrals and investigations are generally accurate. Patients continue to 

contribute information as long as they remain consuming care services in the health system and 

do not decline a trusted third party to use their data for research purposes (the choice of ‘opt-

out’). Compared with collecting data directly from subjects, using data from the EHR database 

avoids recall bias, greatly reduces costs, time, human resources, and attrition rate. All these are 

the advantages of using EHRs for secondary analysis. However, the records are input by 

thousands of HCPs across different care facilities and settings. The heterogeneity, data quality, 

and the mechanism of missingness should be carefully considered and assessed, as I have done in 

this study (subsection 5.4.5). When using EHR for research, researchers need to consider different 

possible codes (e.g. Read codes, ICD codes) for the same health condition, and prepare code lists 

as inclusive and complete as possible to extract the health events. When reporting the study 

findings, the limitations of the coding systems used in the database should be discussed (Weller et 

al., 2012). Researchers should also conduct a thorough assessment of the quality of the database 

and its capacity to capture valid information (e.g., the completeness and accuracy of the 

encounter, dates), and the coverage and representativeness of the study sample relative to the 

wider population, in terms of age, sex, ethnicity, geographical area, and the SES of the patients. 
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The process of data quality assurance is to minimise the two main sources of bias in observational 

studies, i.e. selection bias and information bias, as bias could have a significant impact on the 

reliability of results and the generalisability of findings to a wider population. 

Two different data sources, EHRs and GP notes in free text, were used to study primary care 

sequences in my PhD journey, although the research process and the results from EHRs (HHRAD) 

were not reported in this thesis. Structured data are health events indexed and retrievable by 

codes (Read, ICD, British National Formulary), generally organised in a hierarchical structure (e.g. 

organ or body system). Unstructured data, like free text entries or letters received by GPs from 

specialists, are usually more difficult for researchers to access, as they may contain identifiable 

and specific patient information that may breach confidentiality and anonymity. But if available, 

natural language processing (Shah et al., 2018) has the potential to extract useful information and 

establish prediction models using EHRs (Liao et al., 2015). 

8.7.2 Unsupervised and supervised learning 

Supervised and unsupervised learning are two techniques in machine learning. Unsupervised 

learning is often used to identify patterns or clusters through feature elicitation and visualisation 

of complex data without labelled responses (meaningful tags, labels, or class of the observations). 

Clustering and dimension reduction techniques are unsupervised learning methods. The outcome, 

such as the number of clusters in this study, is unknown, while regression with a known outcome 

belongs to supervised learning. Semi-supervised learning is an approach between unsupervised 

and supervised learning, which has a small amount of labelled data and a large amount of 

unlabelled data for training (Sidey-Gibbons and Sidey-Gibbons, 2019). 

In this study, the exploratory process of SA to identify clusters of primary care sequences is 

essentially an unsupervised learning technique. It is not possible to know how many clusters (the 

outcome) would be before the analysis, and it is not appropriate to arbitrarily set a fixed number 

of clusters beforehand. The optimal number of clusters was decided by comparing several 

possible clustering solutions and making sense of the cluster patterns in the empirical context. 

One example in this field is the use of unsupervised cluster analysis to understand COPD 

heterogeneity and the attempt to create COPD subtypes from disease-related clinical 

characteristics (FEV1, FVC, FEV1/FVC, BMI, modified Medical Research Council score, asthma, and 

cardiovascular comorbid disease)(Castaldi et al., 2017). 

After identifying the clusters, multinomial logistic regression was used to investigate the 

association between patient's characteristics and cluster membership, which is a supervised 

learning technique, as the outcome was known at the point of analysis. In machine learning 
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literature, classification is often referred to prediction of categorical outcomes, while regression 

refers to prediction of continuous outcomes. Many machine learning algorithms developed for 

classification could be adapted to address problems using regression and vice versa (Bi et al., 

2019).  

Machine learning algorithms (e.g.  artificial neural network, support vector machine, random 

forest, gradient boosting machine, k-nearest neighbour) have the advantages of handling an 

enormous amount of data, selecting useful predictors from a great number of variables, and 

looking for the combination of variables that can predict the outcomes reliably. Machine learning 

has great potential to provide new insight and solve complex problems in medical sciences. There 

is an increasing number of studies using machine learning algorithms in big data (linked health 

records) to develop and validate prediction models for different diseases in recent years, as 

machine learning algorithms require millions of observations to train the prediction model to an 

acceptable performance level (Obermeyer and Emanuel, 2016). The application of machine 

learning algorithms in large health data could be a trend in early diagnosis research in the next 

few years. 

8.7.3 Phenotypes and stratified medicine 

Electronic phenotyping is known as utilising EHR data to identify patients with specific 

characteristics of interest (either exposures or outcomes), which could be further used to identify 

clinical risk factors and protective factors, establish prediction models, and support clinical 

decisions (Banda et al., 2018). From the findings of this study, patients were probably at different 

risk levels of developing LC. Future population studies using big data and machine learning 

techniques may be in a better position to stratify patients at different levels of risk more precisely. 

Different health education programmes and social campaigns could be developed and more 

targeted at patients at different levels of risk, to encourage behavioural changes and guide the 

patients to seek help more promptly. Patients with the highest risk are likely to benefit the most 

from screening and preventive programmes. Stratifying patients based on risk could be a cost-

effective way to manage patients and make good use of resources in clinical practice. 

Furthermore, the idea of stratified medicine is not limited to diagnosis, but also could be 

extended to treatment. One similar application was treatment allocation for patients diagnosed 

with prostate cancer in different tiers of risk (risk stratification), using the Cambridge Prognostic 

Group classification (Parry et al., 2020). 
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8.8 Conclusion and final message 

The application of SA in research has been evolving and expanding to different disciplines and 

research areas in the last several decades. But it is still a relatively new method in health services 

research. This study explores the use of SA to understand primary care sequences, with the hope 

to find new research angles and shed new light on providing new research evidence to promote 

early diagnosis of LC and improve cancer survival. Through the initial exploration, this study 

demonstrates that SA can identify meaningful cluster patterns from complex primary care 

sequences. It is possible to design a study with a diverse population in a larger sample size and 

geographical coverage, and use SA to fully uncover the heterogeneous primary care sequences 

leading to LC diagnosis in the near future.  
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Appendix A Search strategy for the systematic scoping 

review (Chapter 4) 

A.1 Search strategy in the EBSCO platform 

The three databases, MEDLINE, PsycINFO, and CINAHL (Cumulative Index to Nursing and Allied 

Health Literature) Plus with Full Text, were integrated into the EBSCOhost Research Database, 

available through the online library of the University of Southampton.   

In order to be more inclusive, the keywords below were searched in the field of full text (TX), not 

limited to the title (TI) and abstract (AB), as some keywords (like sequence analysis) may not be 

necessary in the title and/or abstract. The following results were from the three databases, with 

restriction of publication date until 31 December 2018 and articles in English. Exact duplicates 

(overlap among the three databases) have already been removed from the results by EBSCO. 

 

No. Search strategy Results 

S1 TX "sequence analysis" 295,933 

 MeSH: subject heading of different care settings  

S2 MH “primary health care” 79,733 

S3 MH “secondary care” 427 

S4 MH “tertiary healthcare” 831 

 Free text words of care settings  

S5 TX “primary care”  

S6 TX “primary health care”  

S7 TX “primary healthcare”  

S8 TX “general practice”  

S9 TX “family practice”  



Appendix A 

212 

S10 OR/S5-S9 354,330 

S11 TX “secondary care”  

S12 TX “secondary healthcare”  

S13 TX “secondary health care”  

S14 TX “hospital care”  

S15 TX “inpatient care”  

S16 TX “acute care”  

S17 TX “emergency care”  

S18 OR/S10-S17 150,730 

S19 TX “tertiary care”  

S20 TX “tertiary healthcare”  

S21 TX “tertiary health care”  

S22 OR/S19-S22 69,307 

S23 OR/S2, S3, S4, S10, S18, S22 

MeSH and free text words of care settings 

545,502 

 Pathways and trajectories  

S24 TX pathway* 1,142,399 

S25 TX trajector* 93,399 

 All possible applications of SA to study care pathways, disease 

trajectories and health services research 

 

S26 S23 AND S24 20,844 

S27 S23 AND S25 6,930 

S28 TX “care pathway*” 8,923 

S29 TX “clinical pathway*” 5,271 
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S30 TX “care trajector*” 655 

S31 TX “disease trajector*” 2,122 

S32 MH “health services”  17,582 

S33 TX “health service*” 616,075 

S34 OR/S26-33 640,679 

S35 S1 AND S34 706 

 

Notes and further explanations for the search strategy: 

1) TX means words were searched in the “full text” field; 

2) MH means words were searched in Medical Subject Heading (MeSH terms); 

3) S1: “Sequence analysis” includes other relevant terms like "state sequence analysis" and 

"multichannel sequence analysis"; 

4) S24 and S25: pathway* and trajector* include both singular and plural forms of pathway and 

trajectory. In addition, pathway is also commonly used in genetics and microbiology. 

5) The rationale for S26 and S27: pathway (S26) and trajectory (S27) in different care settings 

(primary/secondary/tertiary), in full text; 

6) The rationale for S28-S31: retrieved other expressions like “critical care pathways” (S28) or 

“palliative care trajectories” (S30). Difference between S26/27 and S28-S31: S26/S27 used 

“AND” to retrieve records of pathways/trajectories in different care settings; while S28-S31 

expanded the search for care pathways/trajectories in more specific disciplines/areas, e.g. 

dental care pathway, critical care trajectories, terminal care pathways… Any adjective in front 

of care pathways can be searched and retrieved. It aimed to include as many relevant records 

as possible.  
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A.2 Search screenshots from the EBSCOhost platform 
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A.3 Search strategy in Ovid 

Ovid hosts the Embase database. It has very specific and detailed search fields, up to a total 

number of 118 fields. Keywords and subject headings were searched in the following fields: ab: 

abstract; hw: heading word; kw: keyword; ot: original title; sh: subject headings; sl: summary 

language; tw: text work; ti: title; mp: search as keywords, often together with subject heading; 

exp: explode, include more relevant terms.  

 

No. Search strategy Result 

1 "sequence analysis".ab,hw,kw,ot,sh,ti,sl,tw. 197,560 

2 "primary care".ab,hw,kw,ot,sh,ti,sl,tw. 157,472 

3 "primary health care".ab,hw,kw,ot,sh,ti,sl,tw. 77,939 

4 "primary healthcare".ab,hw,kw,ot,sh,ti,sl,tw. 7,376 

5 general practice.mp. or exp general practice/ 101,286 

6 "family practice".ab,hw,kw,ot,sh,ti,sl,tw. 9,951 

7 primary health care.mp. or exp primary health care/ 177,899 

8 2 or 3 or 4 or 5 or 6 or 7 315,956 

9 "secondary care".ab,hw,kw,ot,sh,ti,sl,tw. 12,288 

10 "secondary healthcare".ab,hw,kw,ot,sh,ti,sl,tw. 441 

11 "secondary health care".ab,hw,kw,ot,sh,ti,sl,tw. 6,717 
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12 "hospital care".ab,hw,kw,ot,sh,ti,sl,tw. 31,959 

13 "inpatient care".ab,hw,kw,ot,sh,ti,sl,tw. 8,681 

14 "acute care".ab,hw,kw,ot,sh,ti,sl,tw. 30,987 

15 "emergency care".ab,hw,kw,ot,sh,ti,sl,tw. 52,755 

16 secondary care.mp. or exp secondary health care/ 13,952 

17 9 or 10 or 11 or 12 or 13 or 14 or 15 or 16 121,978 

18 "tertiary care".ab,hw,kw,ot,sh,ti,sl,tw. 112,364 

19 "tertiary healthcare".ab,hw,kw,ot,sh,ti,sl,tw. 701 

20 "tertiary health care".ab,hw,kw,ot,sh,ti,sl,tw. 39,798 

21 tertiary healthcare.mp. or exp tertiary health care/ 97,653 

22 18 or 19 or 20 or 21 125,360 

23 8 or 17 or 22 543,920 

24 "pathway*".ab,hw,kw,ot,sh,ti,sl,tw. 1,441,653 

25 "trajector*".ab,hw,kw,ot,sh,ti,sl,tw. 86,871 

26 23 and 24 8,258 

27 23 and 25 1,637 

28 "care pathway* ".ab,hw,kw,ot,sh,ti,sl,tw. 8,204 

29 clinical pathway/ or clinical pathway*.mp. 11,445 

30 "clinical pathway* ".ab,hw,kw,ot,sh,ti,sl,tw. 11,445 

31 "care trajector* ".ab,hw,kw,ot,sh,ti,sl,tw. 423 

32 "disease trajector* ".ab,hw,kw,ot,sh,ti,sl,tw. 1,780 

33 health service/ or health service*.mp. 594,578 

34 26 or 27 or 28 or 29 or 30 or 31 or 32 or 33 618,494 

35 1 and 34 144 
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36 limit 35 to (abstracts and English language and yr="1902 - 

2018") 

Abstract must be available for screening, with restriction of 

language in English and publication period. 

86 

A.4 Search screenshots from Ovid 
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Appendix B Joanna Briggs Institute (JBI) Critical 

Appraisal Checklist for Case Series  

Reviewer: ____________________________  Date: ____________________________ 

Author: __________________________ Year: _____ Record Number: ___________________ 

 
 

Yes No Unclear Not applicable 

1. Were there clear criteria for inclusion in the case 

series? 

□ □ □ □ 

2. Was the condition measured in a standard, reliable 

way for all participants included in the case series? 

□ □ □ □ 

3. Were valid methods used for identification of the 

condition for all participants included in the case series? 

□ □ □ □ 

4. Did the case series have consecutive inclusion of 

participants? 

□ □ □ □ 

5. Did the case series have complete inclusion of 

participants? 

□ □ □ □ 

6. Was there clear reporting of the demographics of the 

participants in the study? 

□ □ □ □ 

7. Was there clear reporting of clinical information of 

the participants? 

□ □ □ □ 

8. Were the outcomes or follow up results of cases 

clearly reported? 

□ □ □ □ 

9. Was there clear reporting of the presenting 

site(s)/clinic(s) demographic information? 

□ □ □ □ 

10. Was the statistical analysis appropriate? □ □ □ □ 
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Overall appraisal:             Include   □       Exclude   □       Seek further info  □ 

Comments (Including reason for exclusion) 

________________________________________________________________________________ 

________________________________________________________________________________ 

Reference source: Moola S, Munn Z, Tufanaru C, Aromataris E, Sears K, Sfetcu R, Currie M, Qureshi 

R, Mattis P, Lisy K, Mu P-F. Chapter 7: Systematic reviews of aetiology and risk. In: Aromataris E, 

Munn Z (Editors). Joanna Briggs Institute Reviewer's Manual. The Joanna Briggs Institute, 2017. 

Available from https://reviewersmanual.joannabriggs.org/ 

Tool Guidance 

Answers: Yes, No, Unclear or Not applicable (N/A) 

1. Were there clear criteria for inclusion in the case series? 

The authors should provide clear inclusion (and exclusion criteria where appropriate) for the 

study participants. The inclusion/exclusion criteria should be specified (e.g., risk, stage of disease 

progression) with sufficient detail and all the necessary information critical to the study. 

2. Was the condition measured in a standard, reliable way for all participants included in the 

case series? 

The study should clearly describe the method of measurement of the condition. This should be 

done in a standard (i.e. same way for all patients) and reliable (i.e. repeatable and reproducible 

results) way. 

3. Were valid methods used for identification of the condition for all participants included in the 

case series? 

Many health problems are not easily diagnosed or defined, and some measures may not be 

capable of including or excluding appropriate levels or stages of the health problem. If the 

outcomes were assessed based on existing definitions or diagnostic criteria, then the answer to 

this question is likely to be yes. If the outcomes were assessed using observer reported, or self-

reported scales, the risk of over- or under-reporting is increased, and objectivity is compromised. 

Importantly, determine if the measurement tools used were validated instruments as this has a 

significant impact on outcome assessment validity. 

4. Did the case series have consecutive inclusion of participants? 

https://reviewersmanual.joannabriggs.org/
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Studies that indicate a consecutive inclusion are more reliable than those that do not. For 

example, a case series that states ‘we included all patients (24) with osteosarcoma who presented 

to our clinic between March 2005 and June 2006’ is more reliable than a study that simply states 

‘we report a case series of 24 people with osteosarcoma.’ 

5. Did the case series have complete inclusion of participants? 

The completeness of a case series contributes to its reliability (1). Studies that indicate a complete 

inclusion are more reliable than those that do not. A stated above, a case series that states ‘we 

included all patients (24) with osteosarcoma who presented to our clinic between March 2005 

and June 2006’ is more reliable than a study that simply states ‘we report a case series of 24 

people with osteosarcoma.’ 

6. Was there clear reporting of the demographics of the participants in the study? 

The case series should clearly describe relevant participant’s demographics, such as the following 

information where relevant: participant’s age, sex, education, geographic region, ethnicity, time 

period, education. 

7. Was there clear reporting of clinical information of the participants? 

There should be clear reporting of clinical information of the participants such as the following 

information where relevant: disease status, comorbidities, stage of the disease, previous 

interventions/treatment, results of diagnostic tests. 

8. Were the outcomes or follow-up results of cases clearly reported? 

The results of any intervention or treatment should be clearly reported in the case series. A good 

case study should clearly describe the clinical condition post-intervention in terms of the presence 

or lack of symptoms. The outcomes of management/treatment, when presented as images or 

figures, can help in conveying the information to the reader/clinician. It is important that adverse 

events are clearly documented and described, particularly a new or unique condition is being 

treated or when a new drug or treatment is used. In addition, unanticipated events, if any that 

may yield new or useful information should be identified and clearly described. 

9. Was there clear reporting of the presenting site(s)/clinic(s) demographic information? 

Certain diseases or conditions vary in prevalence across different geographic regions and 

populations (e.g. women vs men, sociodemographic variables between countries). The study 

sample should be described in sufficient detail so that other researchers can determine if it is 

comparable to the population of interest to them. 
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10. Was the statistical analysis appropriate? 

As with any consideration of statistical analysis, consideration should be given to whether there 

was a more appropriate alternate statistical method that could have been used. The methods 

section of studies should be detailed enough for reviewers to identify which analytical techniques 

were used and whether these were suitable. 
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Appendix C  National Heart, Lung, and Blood Institute 

Quality Assessment Tool for Case Series Studies 

 

Criteria Yes No Other (CD, 

NR, NA)* 

1. Was the study question or objective clearly stated?        

2. Was the study population clearly and fully described, including a case 

definition? 

      

3. Were the cases consecutive?       

4. Were the subjects comparable?       

5. Was the intervention clearly described?       

6. Were the outcome measures clearly defined, valid, reliable, and 

implemented consistently across all study participants? 

      

7. Was the length of follow-up adequate?       

8. Were the statistical methods well-described?       

9. Were the results well-described? 

   

* CD, cannot determine; NA, not applicable; NR, not reported 
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Appendix D Substitution cost matrix of OM[1, TR] for 

high-risk sequences in subgroup analysis-2 

Table D.1 – Substitution cost matrix of OM[1, TR] for high-risk sequences in subgroup analysis-2 

(N=295) 

 

1-> 2-> 3-> 4-> 5-> 6-> 7-> 8-> 9-> 10-> 11-> 12-> 13-> 14-> 15-> 

1-> 0               

2-> 1.92 0              

3-> 1.87 1.74 0             

4-> 1.75 1.75 1.79 0            

5-> 1.90 1.81 1.71 1.77 0           

6-> 1.92 1.87 1.92 1.80 1.92 0          

7-> 1.67 1.64 2 1.98 2 2 0         

8-> 1.97 2 1.72 1.87 1.98 2 2 0        

9-> 1.97 1.98 1.99 1.59 1.99 1.82 2 2 0       

10-> 1.82 1.76 1.76 1.65 1.80 1.92 2 1.58 1.47 0      

11-> 1.88 1.98 1.91 1.92 1.94 2 2 2 2 1.81 0     

12-> 2 2 2 2 1.99 1.67 2 2 2 2 2 0    

13-> 1.85 1.92 1.92 1.90 1.93 2 2 1.88 1.97 1.86 1.81 1.61 0   

14-> 2 1.98 1.79 1.87 1.99 1.85 2 2 2 1.79 2 2 1.84 0  

15-> 2 1.96 1.97 1.88 1.92 1.95 1.64 1.97 2 1.76 1.76 1.67 1.63 1.87 0 
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Table D.2 – Substitution cost matrix of OM[1, TR] for high-risk sequences in subgroup analysis-2 

(N=294, after excluding the outlier sequence) 

 

1-> 2-> 3-> 4-> 5-> 6-> 7-> 8-> 9-> 10-> 11-> 12-> 13-> 14-> 15-> 

1-> 0               

2-> 1.92 0              

3-> 1.87 1.74 0             

4-> 1.74 1.75 1.79 0            

5-> 1.90 1.81 1.71 1.77 0           

6-> 1.92 1.87 1.92 1.80 1.92 0          

7-> 1.67 1.64 2 1.98 2 2 0         

8-> 1.97 2 1.69 1.99 1.98 2 2 0        

9-> 1.97 1.98 1.99 1.59 1.99 1.82 2 2 0       

10-> 1.82 1.76 1.76 1.65 1.80 1.92 2 1.53 1.47 0      

11-> 1.88 1.98 1.91 1.92 1.93 2 2 2 2 1.80 0     

12-> 2 2 2 2 1.99 1.67 2 2 2 2 2 0    

13-> 1.85 1.92 1.92 1.90 1.93 2 2 1.86 1.97 1.86 1.80 1.61 0   

14-> 2 1.98 1.79 1.87 1.99 1.85 2 2 2 1.79 2 2 1.84 0  

15-> 2 1.94 1.97 1.79 1.90 1.95 1.62 1.95 2 1.78 1.83 1.67 1.51 1.85 0 
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