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ABSTRACT 

Background: Older emergency department users identified as frequent emergency 
department users represent a vulnerable population whose emergency department 
use may indicate issues in the organisation of care resulting in persistently unmet 
needs that culminate in a health emergency. Health service interventions designed 
to improve health and service outcomes have shown mixed evidence of 
effectiveness. Extant literature suggests that varying patterns of use complicate the 
implementation of targeted interventions that address their health care needs.  

Aim: To explore the varying patterns of longitudinal emergency department use by 
older frequent emergency department users; characterise subgroups classified by 
their longitudinal patterns of use; and examine the determinants of the patterns of 
use with a view of highlighting where targeted interventions could be placed to 
improve their efficiency.  

Methods: The research applied State Sequence Analysis and Agglomerative 
Hierarchical Clustering to a sample of older frequent emergency department users. 
The analysis built six-year care trajectories from a regional extract of the Hospital 
Episode Statistics. The study used multinomial logistic regression to examine the 
determinants, available in the Hospital Episodes Statistics dataset, of the patterns of 
use.  

Results: The research identified four patterns of use consistently after varying 
dissimilarity/distance measures and associated parameters. Of the 13,131 older 
frequent emergency department users, 65% had short-term frequent use, 30% had 
long-term regular use, 4.6% had long-term frequent use, and only 0.5% had long-
term super use. Long-term super users had the highest rates of non-urgent 
presentations, unique providers visited, and 7-day and 30-day emergency 
department re-visits. Short-term frequent users were more likely to be much older, 
male, and living in less deprived rural areas. 

Conclusion: The results demonstrate the efficacy of the proposed methodology 
framework for modelling longitudinal health care service utilisation patterns. The 
significant differences in the characteristics between subgroups by the patterns of 
use demonstrate varying needs that would require tailored service interventions. 
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CHAPTER 1: INTRODUCTION 

1.1 Research Background 

The United Kingdom like most high-income counties has an ageing population that is 

projected to continue to age. According to the Office for National Statistics (2018b) 

by 2050, one in four people in the UK will be aged 65 years or over. This rapidly ageing 

population poses significant challenges to health care systems due to its complex 

health and social care needs. The complex health and social care needs manifest as 

atypical presentation of common diseases, the presence of multiple chronic diseases 

and risks associated with the concurrent use of multiple medications, which 

confound standard approaches to care management (Aminzadeh & Dalziel, 2002). In 

addition, issues such as functional decline, impaired cognition and compromised 

social support systems are often intertwined with medical care needs (Sinha et al., 

2011). Therefore, older adults, more so those with complex health and social care 

needs, require a continuum of care along health and social service domains to meet 

their health needs and promote healthy ageing.  

However, current health care delivery systems, designed to manage acute illnesses, 

fail when tasked with offering accessible, coordinated, and patient-centred care. 

Consequently, the fragmented provision of health care when managing complex 

older adults has led to a growing number to seek hospital-based emergency 

department care. Or and Penneau (2018) found that, emergency department visits 

increase in areas where access to primary and social care is low especially among 

older adults. Similarly, Hastings et al. (2014) found that approximately 17% of 

community dwelling adults aged 65 or older living in the United States have at least 

one emergency department visit annually. These are significant events for older 

adults due to the adverse service and health outcomes following the initial 

emergency department visit. Conroy and Turpin (2016) observed that 1 in 3 adults 

aged 65 or older living in the United Kingdom have an emergency department re-

visit, a hospital or nursing home admission, or die within 90 days of the initial 

emergency department visit.  
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Research overwhelmingly indicates appropriate use of the emergency department at 

the time of presentation by older adults compared to younger adults (Aminzadeh & 

Dalziel, 2002; Gruneir et al., 2011). However, research also shows that the emergency 

department is not necessarily the best setting for ensuring optimal provision of 

coordinated care for older adults with complex needs (Bridges et al., 2004). It is this 

conflict sets the motivation for the research. More specifically, among older 

emergency department users, those who make frequent visits to the emergency 

department represent a vulnerable population that is reflective of continually 

increasing emergency department utilisation. Frequent use of the emergency 

department by older adults is a concern due to the increased risk of adverse 

outcomes, the associated financial costs of increased emergency department 

utilisation and the potential for more proactive care delivered outside the emergency 

department. 

1.2 Focusing on Older Frequent Emergency Department Users 

Frequent emergency department users, commonly defined as patients who make 

four or more emergency department visits within a 12-month observation period, 

are a small group of patients who place a disproportionately high demand on 

emergency department services due to their elevated resource use (Pines et al., 

2011).  

Frequent use of the emergency department is a common occurrence across all 

patient age groups. Overall, frequent emergency department users represent up to 

8% of all emergency department patients but account for between 21% to 28% of 

emergency department visits by all-age users (LaCalle & Rabin, 2010). Frequent use 

of the emergency department is assumed to contribute to emergency department 

overcrowding by vulnerable individuals. There is also an underlying assumption that 

more appropriate care can be delivered outside the emergency department at a 

lower cost (Pines et al., 2011). Consequently, frequent emergency department users 

have been the targets of health care reform proposals and hospital crowding 

interventions. 
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Older adults aged 65 years and above represent a significant proportion of visits 

among frequent emergency department users (McMahon et al., 2018). Research 

shows that up to 1 in 20 patients older than 65 years of age are frequent emergency 

department users, who account for up to 22% of older adults' emergency 

department visits (Street et al., 2018). Compared to older emergency department 

users with non-frequent emergency department use, frequent older emergency 

department users are associated with adverse health and service outcomes (Neufeld 

et al., 2016; Shen et al., 2018; Street et al., 2018).  

Previous research has shown that older adults who frequently use the emergency 

department are a heterogeneous group of patients with wide variations in healthcare 

services utilisation (Neufeld et al., 2016; Shen et al., 2018; Zayas et al., 2016). 

Heterogeneity in health care utilisation patterns negatively affect the strategic 

targeting of subgroups of older frequent users with service interventions adapted to 

their use patterns (LaCalle & Rabin, 2010). Previous research shows that 

characterising utilization patterns and studying the drivers of healthcare utilisation 

variations can suggest targeted interventions for improving chronic disease 

management (Hilton et al., 2018).  

However, the literature on health care utilisation patterns by older adults who 

frequently use the emergency department is limited. There is a need for research 

into utilisation as differing patterns of use have been associated with the poor 

performance of health care service interventions aimed at reducing emergency 

department reliance and improve overall health outcomes (LaCalle & Rabin, 2010; 

Pines et al., 2011). Identifying subgroups of older frequent emergency department 

users with similar utilisation patterns would facilitate resource planning and effective 

implementation of targeted health care service interventions adapted to their 

patterns of use.  
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1.3 Research Relevance 

This thesis seeks to address a critical gap in health care service research that limits 

the understanding and consequently the response to frequent emergency 

department use by older adults by providing a better understanding of longitudinal 

patterns of emergency department use among older frequent emergency 

department users required to inform service delivery approaches and improve the 

quality of emergency department care for older adults who make frequent visits to 

the emergency department. 

Past research has compared the characteristics of older frequent emergency 

department users to those of older non-frequent users (Berry et al., 2019; Doheny et 

al., 2019; Neufeld et al., 2016; Shen et al., 2018; Street et al., 2018; Wajnberg et al., 

2012). However, to our knowledge, no long-term studies have examined 

comprehensive patterns of emergency department use by older adults over an 

extended observation period. Research differentiating older frequent emergency 

department users by the distribution and pattern of use over time would define 

meaningful subgroups of frequent emergency department use with similar patterns 

of use to assist in planning and implementing targeted intervention adapted to the 

patterns of use (Hastings et al., 2014; LaCalle & Rabin, 2010).  

In pursuing this gap, the thesis also addresses methodological limitations in previous 

analysis of longitudinal patterns of health care service utilisation. In the literature, 

few studies have examined longitudinal patterns of emergency department use 

among frequent emergency department use in non-elderly patient populations 

(Kanzaria et al., 2017) or all-age frequent emergency department users (Lago et al., 

2019). These studies differentiate between short-term frequent users whose 

recurrent use ceases without intervention and those whose high emergency 

department utilisation persist over time, making them better candidates for more 

comprehensive care models. 

Though, the existing analyses of longitudinal patterns of emergency department use 

identify the varying patterns of use using static descriptive indicators whereby 
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utilisation over an extended period is either collapsed into a binary variable or as a 

distribution of visits. These static descriptive indicators measure patterns of use, 

based on whether an individual met the empirical threshold of frequent use at 

specific time-points over a given observation period. For example, long-term 

frequent emergency department use is measured as meeting the threshold of 

frequent use over a given observation period. Therefore, one is considered a long-

term user if they meet this criterion (binary). Alternatively, longitudinal patterns of 

have been measure as a distribution of visits by aggregating the number of 

observations that meet a given threshold of use for each time period. 

However, previous research shows that at the individual level, frequent users exhibit 

distinct utilisation trajectories as they tend to cycle in and out of varying thresholds 

of frequent use over time, which reflects the natural illness progression, and most 

importantly, the impact of care on the health of a patient (Johnson et al., 2015). 

Therefore, such count based criteria fail to capture the dynamics of emergency 

department use over time and likely masks distinct temporal patterns of use leading 

to misclassification of individuals with frequent use that occurs intermittently over 

time (Yang et al., 2018).  

Alternatively, as is (Béland, 1988) view, utilisation of health care services over time 

could be conceptualised as a process occurring through time, placing an individual's 

utilisation trajectory as the object of analysis taking into account individual dynamics 

of use over time. Conceptualising health care service utilisation as a process allows 

for the use of analytical models that can analyse the dynamics of utilisation over time 

to identify patterns of use from individual utilisation trajectories. Two broad classes 

of analytical methods have been used to model longitudinal health care service 

utilisation, namely, Event History Analysis and Sequence Analysis. 

This thesis takes a whole sequence approach using state sequence analysis rather 

than a transition-based approach using event history analysis. Event history analysis 

as a transition-based approach is concerned with the transition probabilities of 

moving from one utilisation state to another in the next period conditioned on 

factors that would determine utilisation (Moineddin et al., 2010). Alternatively, state 
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sequence analysis takes a whole sequence approach that treats the trajectory of 

utilisation as the unit of analysis, facilitating identification of prevalent patterns in 

temporal sequences rather than estimating step-by-step transitions within the 

utilisation trajectories (Stovel & Bolan, 2004). Therefore, in this thesis, we show that 

state sequence analysis is more suited to analysing utilisation over time because it 

allows for the analysis of the chronology of utilisation over time and the identification 

of specific utilisation patterns (Roux et al., 2018). 

In summary, as the utilisation of the emergency department is set to increase with 

the ageing population, frequent use of the emergency department by older adults is 

likely to increase. Whereas frequent emergency department use by older adults has 

been studied, research is yet to be identified that addresses the heterogeneity 

among older frequent emergency department users in terms of the distribution and 

pattern of use over time. This thesis addresses this need for research into long-term 

utilisation patterns among older frequent emergency department users. 

1.4 Research Objectives 

A better understanding of emergency department use patterns over time among 

older frequent emergency department users is required to identify meaningful 

subgroups for targeted interventions to improve care delivery. Additionally, a more 

robust approach to modelling longitudinal patterns of use is required to tackle the 

individual instability in utilisation trajectories that are currently obscured by the 

current static indicators used to measure the longitudinal patterns of use. 

By addressing the knowledge gaps in identifying and distinguishing emergency 

department use patterns among older frequent emergency department users, the 

research hopes to provide information that will assist in planning and implementing 

service interventions aimed at subgroups of older frequent emergency department 

users with similar utilisation patterns. Identifying older frequent emergency 

department users with similar emergency department use patterns would provide 

novel insights into which subgroups may benefit from additional or alternative health 

care services. Identifying patterns of use would also maximise the use of resource-
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intensive multidisciplinary case management by targeting high yield patient groups 

in an efficient manner (Shen et al., 2018). 

Furthermore, the research contributes to the novel use of Sequence Analysis in areas 

in health care. The use of Sequence Analysis to analyse ambulatory and hospital 

utilisation is a growing area that seeks to determine patterns of ambulatory and 

emergency department use over time and test if they are associated with health and 

service outcomes (Carmichael & Ercolani, 2016; Hougham et al., 2014; Le Meur et al., 

2018). 

Thus, the research objectives are as follows: 

I. To identify longitudinal patterns of emergency department use among older 

frequent emergency department users; 

II. To identify and distinguish the characteristics of subgroups of older frequent 

emergency department users with similar patterns of emergency 

department use; and 

III. To examine whether socio-demographic characteristics and baseline 

utilisation of older frequent emergency department users act as 

determinants of the patterns of use. 

1.5 Data Sources 

The dataset used in this research were from English Hospital Episode Statistics 

database that stores routinely collected hospital administrative data used to aid 

resource allocation and service planning in the English National Health Service. Although 

the data is not collected for research purposes, the longitudinal nature and 

consistent data collection across all institutions provide an opportunity to assess 

utilisation patterns over time. The two primary datasets used were the Accident and 

Emergency datasets that records emergency department visits and the Admitted 

Patient Care dataset that records patient inpatient care episodes. 
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1.6 Thesis Chapter Breakdown 

The thesis is structured as follows: 

Chapter 2 provides a review of the literature, which consists of three sections. The 

first section provides the background on emergency department use by older 

patients. The second section focuses on frequent use of the emergency department 

services by older adults. The third section identifies the need to analyse longitudinal 

patterns of use to understand better utilisation patterns among older frequent 

emergency department users and maximise the impact of service interventions by 

targeting appropriate subgroups. 

Chapter 3 identifies the methodological limitations of current research on long-term 

emergency department use patterns among frequent emergency department users, 

which prompts the review of the literature on statistical and analytical approaches 

to modelling longitudinal patterns of utilisation. The chapter consequently presents 

our proposal to address these challenges. 

Chapter 4 presents the data and methods of the study. From the research design 

chapter, the thesis proposes the use of State Sequence Analysis to extract sequential 

patterns from the utilisation trajectories of older frequent emergency department 

users. First utilisation trajectories are built from hospital administrative data by 

aggregating the number of emergency department visits over a six-year observation 

period and categorising them based on predefined thresholds of frequent use. We 

experiment with different distance and dissimilarity metrics combined with Cluster 

Analysis to extract the sequential patterns and test the final solution's robustness. 

The patterns are used to identify subgroups of older frequent emergency 

department users, which are characterised using statistical analysis. Lastly, the 

chapter also examines the determinants of the patterns of use to identify possible 

predictors for the subgroups of older frequent emergency department users.  

Chapter 5 discusses results obtained by applying our approaches to identify 

longitudinal emergency department use patterns among older frequent emergency 
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department users. The chapter presents four types of utilisation patterns obtained 

using State Sequence Analysis and Cluster Analysis. This chapter also explores the 

characteristics of subgroups of older frequent emergency department users based 

on their patterns of use and the determinants for the patterns of use.  

Finally, chapter 6 presents the discussion of the study results, and chapter 7 discusses 

the implications on practise, future research, and study limitations. 
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CHAPTER 2: LITERATURE REVIEW 

2.1 Introduction 

In the United Kingdom, older adults aged 65 years and above make up the fastest-

growing population segment. According to the Office for National Statistics (2018a), 

older adults aged 65 years and above made up 18% of the total population in 2016 

and is projected to grow to 21.8% by 2030. This change in demographic is part of an 

international trend, which has had a significant effect on health care delivery and 

costs (Lowthian et al., 2015). Older adults have complex health needs characterised 

by frailty, disability and multiple chronic conditions (Christensen et al., 2009), which 

require a continuum of care along health and social care service domains to meet 

their health needs and promote healthy ageing (Osborn et al., 2014). However, 

health care services face significant challenges in organising care that best meets the 

complex needs of older patients. While there have been advancements of ageing in 

place by providing acute care closer to home or in community settings, older adults 

remain significant consumers of hospital-based acute care services (Conroy & Turpin, 

2016). The emergency department, more specifically, is a significant source of care 

for older adults that serves multiple functions such as a treatment centre for true 

emergencies, a point of entry into hospital for admission, an accessible source of 

primary care, and a safety net when transitions between health care facilities are 

disrupted (Aminzadeh & Dalziel, 2002; Kreindler, 2017; Wajnberg et al., 2012). 

Older emergency department users form a numerically small group of emergency 

department users. In the United Kingdom, older adults are estimated to represent 

18% of all emergency department visits (Lowthian et al., 2013). However, older 

adults attending the emergency department use disproportionately a higher amount 

of emergency care services than any other age group. Previous research shows that 

older adults are more likely to arrive by ambulance, have more investigations done 

during their emergency department stay and take a longer time to manage (Banerjee 

et al., 2013). Over half of the emergency department visits by older adults end up as 

admissions, compared to 16% of those under 65 (National Audit Office, 2016). These 
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older adults' visits also account for 62% of the total days spent in the hospital, 

contributing to hospital bed shortages. Therefore, small increases in the number of 

older adults attending emergency departments negatively affect the whole hospital's 

efficiency and functioning (George et al., 2006). Older adults attending the 

emergency department are considered to contribute to organisational issues in 

hospital-based emergency departments such as crowding (Cooke et al., 2010) and 

increased costs of care (Banerjee et al., 2013). These organisation issuers are 

associated with increased mortality and other poor outcomes for other emergency 

department users. 

Consequently, more attention is being paid to the growing number of older adults 

seeking emergency department care. This focus is due to the increasing pressure 

placed on hospital resources, by an increasingly ageing population, which is projected 

to outweigh ongoing operational improvements (Karakusevic, 2016). Health and 

social care providers are under even more pressure to meet this growing demand, 

with diminishing resources (Katsaliaki et al., 2005). In addition to service 

improvements, reorganizing emergency department care has become a health care 

priority, since older adults attending the emergency department experience higher 

rates of adverse health outcomes (Lowthian et al., 2018). 

Hence, this chapter explores emergency department utilisation by older adults with 

attention focusing on the patterns of use of emergency care services by older adults. 

The literature review consists of three sections. The first section summarises 

background information about emergency department use among older adults, 

including factors driving the use of emergency department services, outcomes and 

services interventions implemented to reduce demand for emergency department 

use among older adults. The second section draws in more on the literature focusing 

on frequent use of emergency department services by older adults and the 

implications on patient and service outcomes. The final section identifies the need 

for studies to distinguish patterns of use among older frequent emergency 

department users and states the study’s research questions. 

  



12 

2.2 Emergency Department Use by Older Adults 

2.2.1 The Emergency Department 

Through the health care system, patient pathways are often complex, of which visits 

to the emergency department may constitute a small but significant component. 

Literature has acknowledged that emergency departments are a complex setting for 

delivering care (Burton et al., 2018). This complexity is due to the provision of open 

access to acute care services for the treatment of a full range of care – from minor 

injuries to serious illnesses, as well as an accessible source of primary care, or a safety 

net when transitions between health care facilities are disrupted (Kreindler, 2017).  

Asplin et al. (2003) classified the types of care delivered in the emergency 

department into three categories: emergency care, unscheduled urgent care, and 

safety net care, which drive the demand for emergency department services. 

1. Emergency and Unscheduled Urgent Care 

Emergency and unscheduled urgent care are defined in the United Kingdom as: 

Health and/or social care which cannot reasonably be foreseen or planned in 

advance of contact with the relevant professional. It follows that such 

demand can occur at any time and that services to meet this demand must 

be available 24 hours a day, seven days a week (Hallaran & Robertson-Steel, 

2008 p.6).  

Patients access emergency or unscheduled urgent care from numerous health care 

services such as general practice, emergency ambulatory services and accident and 

emergency departments. Moreover, in the United Kingdom, there have been new 

developments in unscheduled care provision particularly NHS direct and walk-in 

centres intended to enable people to make better decisions about accessing health 

care (O'Cathain et al., 2007).  

Nevertheless, the emergency department still provides a significant amount of 

emergency or unscheduled urgent care. Patients with complex problems that are too 

complicated to be handled in the primary or community settings are often directed 
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to the emergency department for stabilisation, diagnostic evaluation, and, if 

required, admission. Patients may also be referred to the emergency department 

from other health care services if there is inadequate capacity, delays in acute 

appointments or lack of after-hours facilities to treat acute cases such as an acute 

exacerbation of a chronic problem. Additionally, the desire for immediate care also 

drives the emergency department's use for unscheduled urgent care. The 

convenience of same-day care and the availability of after-hours care provided by 

the emergency department leads to some patients opting to visit emergency 

departments rather than schedule an appointment in the primary care setting.  

2. Safety Net Care 

In addition to providing emergency and unscheduled urgent care, the emergency 

department’s complex role also encompasses safety net care. The emergency 

department is a common point of entry into the healthcare for many patients who 

essentially need to be connected to the appropriate service within the hospital 

setting or in the community in a timely manner (Kreindler, 2017). As a result, 

emergency departments care not only for the acutely ill but also for vulnerable 

patients who are otherwise unable to receive adequate or timely care due to cost or 

barriers that interfere with access to regular and supportive care providers (Asplin et 

al., 2003).  

Therefore, in many instances, emergency departments provide a catchall service; 

providing care during emergencies and in cases where patients lack alternatives. 

Consequently, emergency departments play a crucial role in the overall health care 

system: as a provider of urgent and lifesaving care and safety net care. However, in 

its multifaceted role, emergency departments face challenges in meeting a growing 

number of patients with diminishing resources, which contribute to delays in care 

provision, reduced quality of care and compliance with set care standards (Cooke et 

al., 2010). Studies have shown that emergency departments struggle to provide 

timely care to a steadily increasing number of unscheduled emergency department 

visits (Hurwitz et al., 2014). In addition, the growing demand with diminishing 

resources leads to emergency department crowding, which has been associated with 
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poor performance in patient care. The concerns about emergency department 

crowding have been furthered by a growing ageing population with increasingly 

complex health care needs (Gruneir et al., 2011). Despite the majority of urgent care 

being delivered in the primary care setting, an increasing number of older people are 

attending emergency departments to access urgent health care services.  

Older adults disproportionally use more emergency department services compared 

with younger age groups. Boltz et al. (2013) showed that older adults aged 65 and 

over who represent less than half of known emergency department users, use 

disproportionally more emergency department services than any other age group. 

This group is associated with longer length of emergency department stays and 

greater intensity of service delivery due to increased complexity of cases, which are 

the main drivers of emergency department crowding (Hwang et al., 2013).  

However, this disproportionate use does not indicate inappropriate use. Gruneir et 

al. (2011) demonstrated that both medical and non-medical reasons underpin the 

reliance of older adults on the care provided in emergency departments at the time 

of the emergency department visit. Therefore, emergency departments provide a 

critically important service to older people. Wajnberg et al. (2012) pointed out that 

emergency departments are used to treat emergencies, a point of entry into either 

high technology acute care or long-term health care services, a 24-hour accessible 

provider of primary medical care, and a safety net when a smooth transition between 

various systems of care is disrupted.  

As the number of older persons presenting to overcrowded emergency department 

increases, greater attention has focused on emergency department patterns of use 

by older adults, and the effectiveness of the current service provision models to older 

patients in emergency departments (Aminzadeh & Dalziel, 2002). 
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2.2.2 Older Adult Emergency Department Use and Outcomes 

In the United Kingdom and throughout most of the developing countries, there has 

been an increase in Emergency Department visits by older adults aged 65 years and 

above, which is projected future trend Smith et al. (2014). Understanding older adult 

use of emergency department services is important due to the high costs associated 

with non-urgent use, the high likelihood of adverse health and service outcomes and 

an overall increase in the number of emergency department visits in this group (Coe 

et al., 2018). To understand emergency department use by older adults, we utilise 

Gruneir et al. (2011) conceptual model adapted from Andersen’s health behaviour 

model. As opposed to Andersen (1995) health behaviour model, this conceptual 

model specifically represents emergency department use by older adults as a 

function of illness acuity at the time of emergency department visit and unmet needs 

that result in a health crisis. The model acknowledged that emergency department 

uses results from emergent health problems among older adults, but also recognised 

that, in most instances, emergency department uses result from persistently unmet 

needs that culminate in a health crisis (Gruneir et al., 2011). 

Figure 2.1 depicts the conceptual model of factors influencing emergency 

department use by older adults proposed by Gruneir et al. (2011). The model 

proposed that older adults have complex needs that manifest as slowly evolving 

problems that ultimately culminate in the need for emergency care. However, 

severity and frequency of physical and psychological symptoms alone, in most cases, 

are not the primary reason for emergency department utilisation. The model 

reconceptualises enabling factors as the lack of proactive care services that monitor 

and control health care needs to prevent exacerbations. Lastly, the model identifies 

continued unmet needs as another enabling factor, which leads to further adverse 

events and is viewed as a marker of health system failure to meet older adults' 

ongoing needs. Each of these factors is discussed further in the sections that follow. 
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Figure 2.1: Conceptual model for factors influencing emergency department use by 
older adults: Source, Gruneir et al. (2011 pg. 133). 

2.2.2.1 Health Care Need Factors 

The ageing population poses significant challenges to health care systems due to 

their complex health and social care needs (Ilinca & Calciolari, 2015). Older adults 

have complex health problems, characterised by frailty, comorbidity, and disability.  

I. Frailty 

Medical Science literature defines frailty as a multidimensional health state of loss in 

the physical, psychosocial, and social domains of human functioning, resulting in a 

state of high vulnerability (Rockwood et al., 2004). Frailty is an aggregate expression 

of risk due to ageing associated with physiological decrements in built-in reserves of 

mass and functioning that leaves one vulnerable in the face of perturbations such as 

extreme weather, exacerbations of chronic illnesses, acute illness or injury (Fried et 

al., 2004). The prevalence of frailty has ranged between 10%-50%, depending on the 

population and the measurement criteria. The British Geriatrics society reported that 

frailty occurs in approximately 10% of adults aged over 65 years, and in between 25% 

to 50% of adults aged over 85 years (Lincolnshire Community Health Services, 2015). 

Another analysis using data from the English Longitudinal Study of Ageing, applying 

the Fried Criteria, determined that the overall weighted prevalence of frailty was 14% 

among people aged 60 years and over (Gale et al., 2015). Similarly, an analysis of the 
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English Hospital Episode Statistics data showed the prevalence of frailty at 13.9% of 

older patients aged 65 years and above admitted to hospital (Soong et al., 2015a). 

II. Comorbidity 

Comorbidity refers to the presence of more than two medically diagnosed chronic 

diseases at the same time (Fried et al., 2004). The presence of comorbidity increases 

with age, mostly due to the occurrence of individual chronic conditions, which also 

increase with age. Notably, there has been a rise in the prevalence of multiple chronic 

diseases such as cardiovascular disease, lung problems and diabetes among older 

adults (Christensen et al., 2009). A substantial proportion of the older adults 

attending hospital have been diagnosed with two or more major medical conditions. 

Analysis of English Hospital Episode Statistics data showed that 62.8% of older adults 

aged 65 years and above have at least two major medical conditions (Ruiz et al., 

2015). The authors (ibid) identified three main groups of multi-morbid hospital users 

and their associated medical conditions. The most complex groups were associated 

with conditions such as diabetes, heart failure, chronic pulmonary diseases, and 

connective tissue disorders. 

III. Disability 

Disability in older adults presents as difficulty in carrying out activities of daily living 

(ADLs) and or instrumental activities of daily living (IADLs). On the one hand, activities 

of daily living refer to those basic everyday activities essential for an independent life 

such as dressing, bathing or those that allow one to integrate within the community 

such as walking (Fried et al., 2004). On the other hand, instrumental activities of daily 

living require more complex planning and thinking and are considered a 

complementary index that measures less severe levels of disability, such as using a 

phone, preparing meals or medication management (Wu et al., 2013). Salvi et al. 

(2007) showed that at least two-thirds of older adults who attend the emergency 

department have at least one activity of daily living disability, while more than half 

attend the emergency department due to functional impairment arising from pre-

existing or emerging chronic disease. 
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IV. The Interrelationship among the Three Conditions 

The three conditions may exist solely or co-exist in individuals and may also cause or 

worsen each other. Fried et al. (2004), using data from 4317 community-dwelling 

adults, demonstrated the prevalence and the causal relationships among the three 

conditions summarised in Figure 2.2. Studies have shown that physical frailty 

indicators best predict disability with gait speed and physical activity being the best 

predictors (Vermeulen et al., 2011). Frailty related characteristics have also been 

associated with risks of fall (Ensrud et al., 2007), individuals with hip fractures (Auais 

et al., 2013) as well as future risk of falls (Kendrick et al., 2015).  

Additionally, coupled with comorbidity, frailty is associated with increased physical 

limitation or disability (Woo & Leung, 2014). Comorbidity is also an important 

determinant of frailty. Studies have shown that comorbidity increases the risk and 

severity of frailty as seen with individuals with cardio-metabolic diseases such as 

hypertension, heart disease or history of stroke or transient ischaemic attack (Tang 

et al., 2013). Comorbidity has also been found to act as a mediator on the effect of 

life-course determinants on frailty. After controlling for multi-morbidity, the effects 

of sex, income and lifestyle on physical and psychosocial frailty reduce (Gobbens et 

al., 2010). 
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Figure 2.2: Prevalence and overlaps of frailty, comorbidity and disability: Source, 
Fried et al. (2004 p. 259). 

2.2.2.1.1 Impact on Service Outcomes 

The three conditions, frailty, comorbidity, and disability, singly or in combination, 

have a negative impact on health outcomes and consequently associated with 

increased health care services utilisation. Frailty has been linked to adverse health 

and social outcomes that result in increased utilisation of health care resources. 

Previous literature has shown that frailty is associated with the increase in the use of 

ambulatory services, risk of hospitalisation, increase in the length of stay, inpatient 

mortality, and institutionalisation (Ilinca & Calciolari, 2015; Soong et al., 2015b).  

Ruiz et al. (2015) found that comorbidity among older adults is associated with poor 

hospital outcomes such as longer hospital stays and a higher cost of care. Kehusmaa 

et al. (2012) also showed that individuals with higher dependence in activities of daily 

living (ADLs) and or instrumental activities of daily living (IADLs) have a higher 

utilisation rate of health care services specifically emergency department visits and 

hospitalisations. 
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Within the context of increasing demand and pressure on the delivery of care in the 

emergency department, complex older adults, in addition to the growing demand 

described previously, present a specific set of challenges in terms of their 

identification, management and care. 

I. Identification 

The challenge of identifying older adults with complex needs in acute settings has 

been acknowledged widely in the literature. While there is now an almost universal 

consensus on the definition of frailty, with appropriate measurement tools, the 

identification of the non-frail but complex older patients remains a challenge (Ruiz et 

al., 2015). Additionally, older adults commonly present medical conditions as non-

specific symptoms and are usually interrelated with their psychosocial needs, which 

make immediate diagnosis obscure (Bridges et al., 2004). 

The delivery of alternative assessments to identifying complex older patients such as 

those that take a more global based on the probability of adverse events (McCusker 

et al., 2007) or more complex multidisciplinary diagnostic tools such as the 

Comprehensive Geriatric Assessment (Conroy et al., 2011) is challenging within busy, 

time-constrained emergency departments. The complexity of medical conditions and 

the instruments designed to identify them prevents emergency department staff 

from focussing on anything other than the primary complaint, overlooking underlying 

geriatric conditions (Hwang et al., 2013).  

II. Management and Care 

Unlike their younger counterparts, older adults attending the emergency 

department due to frailty, comorbidity and or disability, have been more likely to 

have cognitive impairment, sensory impairment, depression, falls, and take multiple 

medications (Hwang et al., 2013). These characteristics complicate their 

management and care in emergency settings. Due to the atypical presentation of 

medical conditions, the nature of treatment required may not be evident at the time 

of presentation and require more steps in their management. Consequently, the care 
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of older patients has been found to be operationally complex due to high input 

uncertainty in terms of variation in primary diagnosis (Argote, 1982) due to 

comorbidities (Hoffer Gittell, 2002) and severity (Broekhuis & Pieter van Donk, 2011). 

Thus, during their emergency department visit, older adults have been found to have 

more diagnostic tests (Alizamir et al., 2013) and have a longer time spent in the 

emergency department (Banerjee et al., 2013). The decision to admit to the hospital 

or discharge for home is similarly complex increasing demand for hospital inpatient 

services due to social admission cases or the search for underlying illnesses (Samaras 

et al., 2010). Consequently, about half of the emergency visits by patients over 65 

years end up as admissions compared to 16% of those under 65 and account for 62% 

of the hospital's total days (National Audit Office, 2016). 

In summary, older adults attending the emergency department have more health 

care needs than other populations due to the high prevalence of frailty, comorbidity, 

and disability. However, older adults' health care needs do not necessarily mean that 

they have a greater need for emergency department care or that their complex needs 

are best met in the emergency department (Gruneir et al., 2011). From their 

conceptual model of factors influencing emergency department use by older adults, 

the authors (ibid) argued that proactive care in the community could prevent the 

need for emergency department visits through primary care services that would 

monitor and control underlying medical conditions to prevent exacerbations; and 

supportive care services that would address disability and other functional 

limitations related to frailty to prevent adverse outcomes such as medication errors 

or falls. 

2.2.2.2 Inadequate Proactive Care 

New models of care have emphasised the need for more holistic care for older 

patients with complex needs primarily delivered outside the hospital. This shift is due 

to increased vulnerability associated with transitions to and from the hospital and 

increased risk of further deterioration from accidental falls, impaired nutrition and 

hydration, pressure sores, and hospital-acquired infections due to prolonged stay in 
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acute hospitals. Studies have shown that the three primary conditions that drive 

emergency department demand among older adults, that is, frailty, comorbidity and 

disability, are preventable and reversible, but require different health interventions 

at primary care and supportive care settings (Fried et al., 2004). 

Generally, having a robust primary health care system has been shown to result in 

better health outcomes and lower health care costs (Barnett et al., 2012). With 

respect to older adults with complex needs, primary care is shown to be the optimal 

context for delivering urgent care and targeted early intervention to an ageing 

population with a growing number of long-term conditions (Litchfield et al., 2018). 

The provision of timely primary care has been shown to prevent the need for 

emergency department visit, such that a 1% decrease in primary care response at a 

crisis is associated with a 20% increase in demand for secondary care (Cooke et al., 

2012). 

In addition to timely care at the time of crisis, longitudinal continuity of care, that is, 

having a regular primary care provider or general practitioner has been shown to 

reduce reliance on secondary care as well as improve patient satisfaction and overall 

quality of life for older adults who are considered as the heaviest users of health care 

(Barker et al., 2017). Furthermore, Fan et al. (2015) argued that a multi-disciplinary 

primary care system is the best way to deliver holistic, long-term care among older 

adults with complex needs. Community-based health care service interventions 

aimed at reducing emergency department visits through integrated or enhanced 

primary care, follow-up and regular visits, focus on preventing illnesses or functional 

decline and have had significant reductions in emergency department utilisation (Van 

den Heede & Van de Voorde, 2016). 

Proactive social support services are similarly crucial to facilitate positive health and 

service outcomes among older adults. Hastings et al. (2008) argued that inadequate 

social support among older adults is a strong determinant for emergency department 

use due to the inability to rely on others to assess health and medical needs and lack 

of support for basic or instrumental activities of daily living. This finding is supported 

by Rutschmann et al. (2005) who found that approximately 20% of older patients 
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attending the emergency department had no specific complaint or had a general 

condition impairment that was due to insufficient formal/informal social support in 

the community. Elsewhere, a study on the Scandinavia health care system showed 

that individuals prefer formal public services such as home help services (Daatland, 

1994). In situations where public formal support services were not available, there 

was a notable increase in demand for acute care in the form of emergency 

department visits and hospitalisations to cater for respite and non-medical needs 

(Triantafillou & Mestheneos, 1994). 

These findings suggest that older people benefit from social support directed 

towards needs critical to independence such as socialisation, help with daily living 

tasks, and help with accessing appropriate community services (McCusker et al., 

2003). Kehusmaa et al. (2012) found that individuals who received adequate social 

care services and support had a lower utilisation rate of health care services. Another 

study found that long-term community care services are critical for older adults who 

live alone or who report unmet activities of daily living (ADL) needs in the presence 

of an informal care system, which decreases the need for acute care and the risk of 

institutionalisation (Tennstedt et al., 1994). 

In summary, older adults seeking emergency care services require immediate 

hospital access due to urgent or standard medical needs that are often an acute 

exacerbation of an underlying chronic disease interrelated with coexisting chronic 

and psychiatric conditions (Bridges et al., 2004). Additionally, medical needs are 

often combined with self-perceived psychosocial symptoms such as social isolation 

and lack of support, fall risk factors and difficulty in performing basic and 

instrumental activities of daily living (Dermody et al., 2017). From the available 

evidence, having a primary care provider that monitors and controls underlying 

chronic diseases and supportive care services to manage independence and 

coordinate care can reduce the risk of emergency department use. For those who 

lack alternatives in the community due to systemic barriers caused by fragmented 

models of care or limited capacity and capabilities, secondary care remains a safety 

net (Aminzadeh & Dalziel, 2002). Thus, the emergency department plays a critical 



24 

role in identifying the needs of older adults attending the emergency department 

and referring them to the appropriate services (Gruneir et al., 2011). Adverse 

outcomes following emergency department visits by older adults are a marker for 

continued unmet needs, which underscores challenges in the health system’s ability 

to meet older adults' needs. 

2.2.2.3 Continued Unmet Needs 

A significant proportion of older adults experience adverse events following 

emergency department care, leading to negative health outcomes, which extends 

beyond the initial emergency department visit. Previous studies have demonstrated 

that 3-24% of older adults have subsequent hospital admission in months following 

discharge from the initial emergency department visit (Aminzadeh & Dalziel, 2002; 

Schnitker et al., 2011). Unplanned hospitalisation among older adults has been 

associated with increased risk of hospital-acquired infections and a further decline in 

health status that may manifest as immobility, delirium and greater functional 

dependency on discharge, which once they occur are harder to return to the baseline 

level of functioning (Hominick et al., 2016).  

Additionally, previous studies have also demonstrated that 10-26% of older adults 

have an unplanned emergency department revisit with 30 days of the initial 

emergency department visit (Lowthian et al., 2013; McCusker et al., 2007). The 

frequent occurrence of repeat emergency department visits is problematic because 

each discharge is associated with increased risk of adverse health outcomes, such as 

hospital admission, transfer to institutions and death following an emergency 

department discharge. These adverse events are viewed as indicators of 

organisational inability and responsiveness of health and social care services to meet 

this group's complex needs (Gruneir et al., 2011). More specially, previous research 

shows that features of the emergency department visit themselves impede the 

optimal provision of coordinated care for older adults with complex needs, 

contributing to the increased risk of adverse events. 
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The emergency department is conventionally designed to provide disease-oriented 

and episodic models of care to patients suffering from severe injuries and illnesses 

or those experiencing an increase in underlying chronic medical conditions which 

require immediate attention (Pereira et al., 2016). However, Aminzadeh and Dalziel 

(2002) stated that the episodic and disease-oriented approaches do not correspond 

to the complex needs of older patients who experience multiple interrelated health 

and social problems. 

Furthermore, Bridges et al. (2004) reported that many emergency department 

physicians lack the knowledge and skills in specific geriatric approaches and express 

discomfort when caring for older patients. This finding was also supported by Boltz 

et al. (2013) who found concerns among nurses in emergency department staff often 

failing to realise that older patients can have a more acute response to injury and a 

lack of evidence-based protocols related to older adults, such as how to diminish 

chances of confusion and delirium in the fast-paced emergency department 

environment.  

Additionally, geriatricians working in the emergency department were often found 

to work in addition to the routine service and independent of a multidisciplinary 

team; consequently, few patients receive multidisciplinary geriatric input with some 

having a 25% chance of being assessed by consultant geriatrician (Tiwari et al., 2016). 

Thus, geriatric conditions are often overlooked; this is reflected on the most common 

principal diagnosis for older patients at the emergency department corresponding to 

"Symptoms, signs and abnormal clinical and laboratory findings, not elsewhere 

classified" (Rossille et al., 2008). Despite their significance, functional dependence, 

psychosocial concerns, and geriatric conditions are often under-detected, poorly 

documented and inadequately assessed in the emergency department (Aminzadeh 

& Dalziel, 2002).  

Prior studies have found that over 70% of older patients in emergency department 

observation units have unmet needs or unrecognized geriatric syndrome 

(Southerland et al., 2018). Studies have reported that compared to long-stay older 

patients admitted in specialist or geriatric wards, short-stay older patients 
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immediately discharged from the emergency department or admitted in emergency 

short-stay units are less likely to receive multi-disciplinary treatment, have lower 

uptake of rehabilitative services and required subsequent medical care for the same 

problem after discharge (Darby et al., 2017). Studies have also shown that older 

patients perceive that more emphasis is placed on observation and monitoring rather 

than active treatment and resolution of their ongoing health and social needs (Darby 

et al., 2017). These unmanaged symptoms are associated with increased healthcare 

utilisation and mortality (Gruneir et al., 2011).  

Furthermore, short-term focus on the primary presenting problem without 

addressing underlying chronic conditions has been associated with inconsistent 

treatment delivered by multiple teams (Harari et al., 2007). Some authors have 

shown that the initial emergency department assessment influences subsequent 

treatment plans. Delay in initial care or poor diagnosis and treatment has a long-term 

impact on patient welfare (Banerjee et al., 2013; Silvester et al., 2014). This delay has 

been attributed to longer time spent in the emergency department, multiple 

handovers and moves between specialist wards, a longer length of hospital stay and 

higher rates of subsequent readmissions due to the lack of a complete resolution of 

the ongoing health and social needs of older patients (Blay et al., 2017; Rossille et al., 

2008; Webster et al., 2016). 

Additionally, the emergency department model of rapid triage and assessment has 

been shown to increase the efficiency in identifying patients with urgent care needs 

and facilitating early discharge (Saghafian et al., 2015; Saghafian et al., 2012). 

However, the rapid triage and assessment model of care has been associated with 

poor health outcomes alongside the increased risk of frequent emergency 

department use and unplanned hospital admissions (Munir, 2008).  

Moreover, Lowthian et al. (2018) found that the fast-paced nature of the emergency 

department environment is not always conducive to assessment beyond the primary 

medical reason for presentation. The extra care time required is related to 

communication difficulty and the complexity required to manage their health 

problems (Banerjee et al., 2013). Communication barriers arise from cognitive and 
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sensory impairments that may occur in both patient and carer and lack of background 

medical information, especially out of hours or at weekends (Conroy & Turpin, 2016). 

The complex needs of older adults attending the emergency department require 

more assessment and coordination than the traditional disease-oriented and 

episodic models of care typically permit (Bridges et al., 2004; McCusker et al., 2007).  

Due to time pressures, the care of older adults in the emergency department may 

resort to the ‘safest’ and perhaps the easiest response of admission, which is not 

always the optimal decision for the patient, potentially denying older people access 

to care at home – which may improve their outcomes (Conroy & Turpin, 2016). 

Unplanned hospitalisation of older patients for an acute illness has been associated 

with functional decline that begins as soon as the second day of admission and leads 

to increased risk of illness and mortality, increased length of stay and readmissions 

and the reduction of the likelihood of recovery to baseline functioning (Graf, 2006; 

Hogan et al., 2017).  The state of being stranded in hospital (length of stay of greater 

than seven days) or super-stranded (extended length of stay of more than 21 days, 

negatively affects the quality of care provided and hospital performance (Fattori et 

al., 2014). 

To summarise, Figure 2.3 provides an overview of an older patient’s pathway through 

the health care system summarised from the literature thus far. The red path 

demonstrates instances where there is a lack of complete resolution of the ongoing 

health and social needs of older patients discussed in this section. In summary, lack 

of access to adequate proactive care in the community increases the necessity for 

care in the emergency department due to persistently unmet needs that culminate 

in a health crisis (Gruneir et al., 2011). Within emergency care, lack of identification 

and resolutions of ongoing medical and social care needs increases conversion rates, 

re-visits and readmission rates and institutionalisation, which have subsequent 

negative impacts on health outcomes (Conroy et al., 2011). 
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Figure 2.3: Feedback Loop based on the lack of resolution of needs or continued unmet needs based on the literature review of health 
care service use by older adults aged 65 years and above.
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2.2.2.4 Service-Level Strategies Aimed at Reducing Emergency Department Use by 

Older Adults 

The complexity of older patients' care requires a continuum of integrated and 

coordinated care across primary, secondary and community providers and care 

settings. Consequently, a broad range of interventions has been designed and 

implemented to improve health and service utilisation outcomes in older adults who 

visit the emergency department. Existing reviews have broadly classified these 

interventions into several categories: staffing, restructuring the emergency 

department's physical infrastructure, care delivery to include risk stratification, 

functional and geriatric assessment and community transition interventions (Preston 

et al., 2018). 

I. Emergency Department Staffing Interventions 

Staffing interventions have consisted of modifications to staffing in the emergency 

department to address the specific care needs for older adults visiting the emergency 

department. These interventions take the form of introducing an individual member 

of staff with either specialist or geriatrics expertise in emergency department 

settings, or establishment of new multidisciplinary teams for older patients (Preston 

et al., 2018). Success factors include the involvement of nurse and midlevel clinician 

leadership or a multidisciplinary intervention, which results in improvements 

compared to social or allied health professionals working in isolation, and facilities 

inter-professional knowledge transfer and capacity building work practices (Sinha et 

al., 2011). 

The purpose of staffing interventions is the identification of potential risk factors and 

unresolved problems such as unknown geriatric syndromes, polypharmacy, medical 

and social barriers to discharge, and the provision of better linkages between the 

emergency department and home care and or community services (Jay et al., 2016; 

Preston et al., 2020).  

II. Emergency Department Physical Infrastructure Interventions 
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Restructuring of the emergency department physical infrastructure has incorporated 

staffing changes. These interventions either lead to the development of a fully 

geriatric emergency department that only manage older adults with distinct with 

separate staffing, protocols and objectives or the adaptation of existing physical 

infrastructure to provide an old-age friendly physical environment and design 

principles in dedicated areas or embedded units within the emergency department 

(Conroy et al., 2013).  

However, the radical reorganisation of services to create a dual service for 

emergency care is reported not feasible or sustainable in most settings (Carpenter & 

Platts-Mills, 2013). The feasible option becomes old age-friendly emergency 

departments, reflected in both the design of new builds and adaptation of existing 

departments. For instance, the designation of a medical assessment unit as an 

Emergency Frailty Unit with a co-located multidisciplinary team (Conroy & Turpin, 

2016).  

The configuration of acute geriatric service towards a focused approach to care 

delivery that is organised around the complex older patients and their needs has 

been associated with improved service rates and better cohesion with existing 

emergency department teams. These spaces also allow for the co-location of 

multidisciplinary teams, minimising the time between patient admission and 

multidisciplinary assessment (Silvester et al., 2014). Also, the dedicated units serve 

as clinical decision unit for identifying patients who can be reliably and safely 

managed outside of the hospital or as an observation centre for short term 

admissions for individuals with complex problems but do not require inpatient care 

(Salvi et al., 2007).  

III. Emergency Department Care Delivery Interventions 

Care delivery interventions have involved changes to the emergency department 

care package for older people instead of the usual rapid assessment and discharge 

model. These interventions have taken the form of comprehensive geriatric 

assessment, which combines interventions to identify high risk older people and 
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deliver multidisciplinary diagnostic and treatment of medical, psychological and 

functional limitations and the management of these needs (Salvi et al., 2007).  

Care delivery interventions move the care of older emergency patients from the 

traditional emergency model that is purely diagnosis-specific to incorporate essential 

elements of older adult care such as polypharmacy, comorbidity, functional and 

social aspects (Carpenter & Platts-Mills, 2013). The identification of high risk older 

people, followed by comprehensive geriatric assessment has demonstrated a general 

trend towards improved admissions avoidance and reduced emergency department 

visit (Preston et al., 2018). 

IV. Emergency Department Community Transition Interventions 

Community transition interventions have involved delivering care models that 

support safe community transitions for older people from the emergency 

department following discharge and across the emergency department-

primary/community care interface using various strategies. Community transition 

interventions have taken the form of emergency department initiated post-discharge 

strategies such as discharge planning based on a comprehensive geriatric 

assessment, post-discharge follow-up or monitoring using nurse-led telemedicine, 

general practice liaisons and linkage to short-term outreach assistance until 

community-based services became available (Credé et al., 2017; Lowthian et al., 

2015). Community transition interventions have also involved case management, an 

interdisciplinary approach to plan and implement targeted care with a single point of 

contact as a care coordinator across the emergency department, inpatient and 

community care (Van den Heede & Van de Voorde, 2016).  

McCusker et al. (2012) found that community transition interventions ensure 

continuity of care across the acute-community interface through discharge planning 

and linkage between emergency care and relevant community care services to guide 

appropriate community follow-up and referral. This finding was also supported by Le 

Berre et al. (2017). The authors reported that better linkages improve 

communication between different healthcare professional, facilitates closer 
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monitoring of patients and foster self-management education that leads to early 

detection and better management of exacerbations. 

Table 2.1 provides a summary of the emergency department interventions and 

targeted outcomes. Overall, the interventions strive to move beyond the episodic-

disease oriented model of care to a more holistic continuum of care across the health 

care providers to provide appropriate, value‐driven care to this population. The 

systematic mapping review by Preston et al. (2018) showed that these interventions 

have been implemented singly or in combination to suit individual providers. For 

instance, in the UK, established at various UK trusts is an older persons’ assessment 

and liaison team (OPAL) focusing on risk screening and early geriatric intervention 

followed by either rapid transfer to a geriatric ward, case management or facilitated 

discharge with referrals (Allen et al., 2010; Harari et al., 2007; Keelan et al., 2016).  

Table 2.1: Summary of Emergency Department Interventions and Outcomes 

Context Intervention Strategy Intended Outcome 

Inadequate assessment 

and unplanned 

admission 

Multidisciplinary geriatric 

assessment of patients in 

discrete tailored units 

with the emergency 

department 

Reduction in unplanned 

emergency department 

representation or 

hospitalisation, functional 

decline, nursing-care 

home admission and 

mortality 

The decline in health 

state and re-visit 

following emergency 

department discharge 

Case Management/ 

Emergency Department 

Community Transition 

Reduction in post-

discharge outcomes: 

revisit, readmission rates 

and mortality (Hastings & 

Heflin, 2005) 

Continued unmet needs Case Management/ 

Emergency Department 

Community Transition 

Continued monitoring 

and management of 

chronic conditions and 

exacerbations preventing 
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health crisis that results 

in an emergency 

department visit 

 

However, despite these numerous interventions, the evidence base is inconsistent in 

improving operational outcomes. More specifically, the results in all types of study 

designs have not consistently been shown to reduce emergency department use 

(Preston et al., 2018). It is proposed that the poor performance of interventions is 

due to the lack of targeting to appropriate subgroups of older emergency 

department users. Older adults are a heterogeneous population, therefore, 

whatever the intervention, the ability to identify appropriate target groups may be 

critical toward population‐based planning and service delivery and reducing 

unnecessary and undesired high‐intensity and expensive health care (Kelley et al., 

2017). 

Previously, age-based criteria have been utilised to select emergency department 

geriatric intervention recipients, based on age and the presence of two or more 

frailty markers, comorbidity, or disability. Alternately, risk stratification tools have 

been applied, with varying specificity and sensitivity, to target high risk older patients 

based on their severity and risk to adverse outcomes (Salvi et al., 2012). However, 

older frequent emergency department users are yet to be targeted in the literature. 

Frequent use of the emergency department by older adults is emblematic of 

continued unmet health and social care needs, indicating inefficiency in the health 

system to provide timely and appropriate care to older adults (Or & Penneau, 2018). 

Therefore, older adults with frequent emergency department use present as a 

natural target for health care service interventions to reduce adverse health 

outcomes and subsequent health care service resource use. A better understanding 

of frequent emergency department uses among older adults, and the opportunities 

for health care service interventions aimed at reducing frequent use of the 

emergency department, would be essential for planning strategies that meet the 

health care needs of older adults who frequently use the emergency department. 
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2.3 Frequent Emergency Department Use by Older Adults 

Frequent Emergency Department use is a common phenomenon worldwide and 

occurs across all patient age groups. When defined as four or more unplanned 

emergency visits over a 12-month rolling period, frequent emergency department 

users are a subgroup of emergency department users that comprise a small 

proportion of users, who account for disproportionately high emergency care service 

utilisation. Frequent users comprise 4.5% to 8% of all emergency department 

patients but account for 21% to 28% of all visits (LaCalle & Rabin, 2010). This 

distribution of frequent emergency department use by age is bimodal, with the first 

peak in the 25-40 age group and the second among those 65 or older (McMahon et 

al., 2018). Frequent users aged 65 years and above represent as little as up to 6% of 

all emergency department users but account for up to 28% of emergency 

department visits (Dufour et al., 2019).  

Frequent use among older patients is a concern due to the potential for increased 

adverse outcomes, care transition problems, and costs. Additionally, interventions 

implemented to reduce frequent emergency department use have had a mixed 

impact, with some studies showing a reduction in emergency department visit, while 

others show no change or an increase in emergency department visit (Berry et al., 

2019). As the emergency department utilisation by older adults is projected to 

increase due to the ageing population, it is also likely that the number of frequent 

older users will grow in parallel. 

Studies have found that a growing percentage of frequent emergency department 

users are over 65 years of age, and this rate is increasing (Wajnberg et al., 2012). 

Therefore, a better understanding of frequent emergency department use among 

older adults is required to identify opportunities for better targeting of health care 

service interventions to reduce frequent use of the emergency department. A 

comprehensive review of the descriptive literature on older emergency department 

frequent users is necessary to get the full picture of emergency department frequent 

use by older adults. 
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2.3.1 Factors Associated with Frequent Emergency Department Use 

Much work has been done to characterize emergency department frequent use by 

older adults, emphasising cross-sectional studies conducted primarily as single-site 

studies. The review identified five studies conducted in the United States, Canada, 

and Sweden and a systematic review that describes the characteristics and predictors 

of frequent older emergency department users. The review also identified three 

studies conducted in Italy, Australia and Singapore that explain the significance of 

older frequent emergency department users in terms of size, resource consumption 

and health care service outcomes. 

2.3.1.1 Demographic and Socioeconomic Factors 

Previous research has associated frequent emergency department use with being 

older and female. Dufour et al. (2019) found that the majority of older women live 

alone and experience increased risk of unstable living situations and difficulties in 

managing their care needs, which explain why this group has increased odds of being 

frequent emergency department users. 

However, results from studies on older frequent emergency department users 

contrast this finding. Studies either found no significant effect of age or gender on 

the probability of being a frequent user (Dufour et al., 2019; Wajnberg et al., 2012) 

or a positive association with being male and frequent use of the emergency 

department (Berry et al., 2019; Doheny et al., 2019; Street et al., 2018). Moreover, 

the findings so far have not demonstrated that lack of support or living alone are 

factors driving frequent emergency department visit (Berry et al., 2019; Neufeld et 

al., 2016; Street et al., 2018).  

Rather, studies have reported that living in disadvantaged areas (Doheny et al., 2019) 

or rural areas (Neufeld et al., 2016) are associated with frequent emergency 

department use. Living in disadvantaged or rural areas may reflect barriers to access 

timely and quality primary care, leading to the emergency department acting as a 

safety-net for these disadvantaged communities (Wajnberg et al., 2012). 
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2.3.1.2 Health Status 

Dent et al. (2010) found that older adults' medical complaints differ from the 

stereotypical psychiatric, drug-seeking, or lower-urgency problems associated with 

frequent use in younger cohorts. Instead, older frequent emergency department 

users are characterised by a higher severity of chronic illness, complex range of 

comorbidities, polypharmacy, and overall poor self-rated health. 

From the literature, frequent emergency department visits are commonly due to an 

acute exacerbation of chronic conditions such as cardiovascular or respiratory illness, 

which require ongoing treatment. Moreover, at the time of presentation, older 

frequent emergency department users are significantly less likely to have a 

potentially avoidable emergency department visit. Lowthian et al. (2018) noted an 

increasing trend of frequent emergency department presentations for non-

potentially avoidable general practice identified as emergency visits that were not 

allocated semi-urgent or non-urgent triage category, arrived by ambulance, had a 

hospital admission, or resulted in in-hospital mortality. This finding highlights the 

burden of complex chronic conditions among older frequent emergency department 

users. 

However, the literature reports that no single condition accounts for more than half 

of the emergency department visits (Neufeld et al., 2016; Street et al., 2018). 

Additionally, polypharmacy, defined as taking multiple medications, an indication of 

co-morbidity, is an underlying factor for frequent emergency department use 

(Neufeld et al., 2016). This complex range of co-morbidities makes it difficult to 

narrow in on a singular driving factor, which complicates service delivery within the 

emergency department. This complexity speaks to the overall challenge of the 

ongoing efforts to reduce frequent emergency department visits.  

2.3.1.3 Health Care Service Use 

Lack of access to community services is often attributed to the increase in emergency 

department use more so for non-urgent care in place of the outpatient setting. 
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However, the reviewed studies have attributed frequent use to barriers to timely 

access to quality care or feeling unsatisfied with the primary care services they have 

received. The majority of older frequent users identify themselves as having access 

to a primary care provider (Wajnberg et al., 2012) or reported having one or more 

community health, home or residential care services in place (Berry et al., 2019).  

However, the lack of timely access to support, and dissatisfaction with the quality of 

primary or community care influence frequent emergency department use among 

older adults. Studies have shown that out-of-hours access to primary health care 

services is a contributing factor with the majority of older frequent emergency 

department users presenting after business hours or overnight (Berry et al., 2019; 

Street et al., 2018). Additionally, inadequate community support with poor 

coordination, such as short-tasked-based visits from multiple nurses, have been 

associated with frequent emergency department use (Bone et al., 2019). 

2.3.2 Health and Service Implications of Frequent Use by Older Adults 

Compared to non-frequent or occasional use, defined as making between one and 

three emergency department visits over a 12-month rolling period, frequent 

emergency department use is associated with adverse health and service outcomes 

among older emergency department users. The associated adverse service outcomes 

may, in turn, impact hospital productivity and patient flow negatively. Research has 

shown that when compared to older adults in the same age cohort with non-frequent 

emergency department use, older adults who are frequent emergency department 

users are associated with the following service outcomes: 

• A longer time spent in the emergency department, which may contribute to 

more extended emergency department waiting times leading to emergency 

department crowding (Street et al., 2018); 

• Higher unplanned admission rate and longer length of stay on admission, 

which may contribute to the bed blockage phenomenon that would restrict 

hospital admissions (Berry et al., 2019; Legramante et al., 2016; Street et al., 

2018); and 
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• Higher risk of emergency re-visit and readmission after discharge, which 

contributes to increased service utilisation costs in addition to emergency 

department crowding and bed-blockage on admission (Berry et al., 2019; 

Street et al., 2018). 

In addition to the adverse service outcomes, frequent emergency department use by 

vulnerable older adults disrupts the continuity of care and is associated with 

increased risk of adverse health outcomes such as functional decline, hospital-

acquired infections and death (Gruneir et al., 2011). The risk of unplanned hospital 

admissions has been associated with a patient's functional decline that begins as 

soon as the second day of admission, increased length of stay and readmissions, and 

increased risk of illness and mortality (Graf, 2006). Lastly, compared to older adults 

who make non-frequent or occasional use of the emergency department, older 

frequent emergency department users have been associated with a higher mortality 

rate (Berry et al., 2019; Shen et al., 2018; Street et al., 2018). 

In summary, older frequent emergency department users are medically complex in 

chronic disease and psychosocial functioning. The implications of this are long wait 

times due to the required intense workups, increased costs due to increased testing 

and or procedures and the greater need for speciality physicians within the 

emergency department visits or referrals after discharge. Frequent emergency 

department visits are driven by the need for care, which suggests that the 

organisation of care for older frequent emergency department users should be 

reviewed to better meet their needs in alternative levels of care.  

However, older frequent users are a heterogeneous group, whose subgroups are yet 

to be sufficiently defined, explaining the mixed impact of existing attempts to 

address frequent use (LaCalle & Rabin, 2010). Berry et al. (2019) indicated a 

possibility of at least two distinct subgroups of older frequent emergency 

department users based on the patterns of use over time. However, the study’s 

cross-sectional design may not reflect overall patterns of frequent emergency 

department use to elucidate better the utilisation subgroups (Wajnberg et al., 2012). 
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Further research is needed to identify these subgroups better to inform targeted care 

adapted to specific needs. 

2.4 Creating Better Interventions by Targeting Homogeneous Groups 

The literature argues that frequent users of the emergency department are a 

heterogeneous population. To effectively intervene and improve health to reduce 

utilization, these subgroups must be sufficiently defined and aligned with 

appropriate, targeted interventions. In a systematic literature review, LaCalle and 

Rabin (2010) found that most frequent emergency department users do not remain 

frequent users (short-term frequent users), while approximately 56% continue with 

this pattern of use after two consecutive years of being an emergency department 

frequent user (long-term frequent use). Additionally, among those who maintain 

frequent emergency department use over an extended period, individual trajectories 

have been characterised by shifts between different utilisation levels that reflect the 

natural progression of illness or more importantly, the impact of the organisation and 

delivery of care on the course of the illness (Johnson et al., 2015). 

The varying emergency department use patterns over time make it challenging to 

create and implement targeted interventions aimed at addressing health needs and 

reducing emergency service utilisation. On the one hand, patients over time tend to 

cycle in and out of different utilisation levels with some representing subgroups that 

do not have high-risk of long-term frequent emergency department use and 

therefore, are least likely to benefit from additional or alternative health care service 

interventions (Huntley et al., 2013). On the other hand, it is postulated that 

emergency department use patterns over time reflect varying service needs that 

would require specialised interventions leading to better health outcomes and a 

substantial reduction in overall demand (Burton et al., 2018).  

For instance, older adults with short-term frequent emergency department use have 

a short window of opportunity and require programs with timely interventions, 

effective outreach, or brief interventions. In contrast, those with long-term frequent 

emergency department use would require multiple far-reaching interventions 
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(Johnson et al., 2015). Therefore, to design impactful interventions to reduce 

frequent emergency department use and improve health outcomes, there is a need 

to examine longitudinal patterns of use over extended periods (Pines et al., 2011). 

Literature has identified the need for research on longitudinal utilisation patterns 

among frequent emergency department users. In particular, to distinguish 

meaningful subgroups based on the patterns of use that may benefit from additional 

or alternative services and understand the determinants of long-term emergency 

department use (LaCalle & Rabin, 2010; Pines et al., 2011).  

However, few studies have examined comprehensive patterns of emergency 

department use over extended periods to identify and characterise subgroups of 

frequent emergency department users based on their longitudinal utilisation 

patterns. Two studies were identified that utilised routinely collected administrative 

data to analyse longitudinal utilisation patterns among a sample of non-older 

frequent emergency department users (Kanzaria et al., 2017) and a sample of all-age 

frequent emergency department users (Lago et al., 2019).  

These studies address the knowledge gaps by identifying subgroups from the 

respective samples of frequent emergency department users based on their 

longitudinal patterns of emergency department use. The majority of frequent 

emergency department users were found to exhibit patterns of temporary or short-

term frequent emergency department use from the study's findings, and 

approximately 20% had long-term frequent emergency department use in up to 

eleven subsequent years.  

Temporary or short-term emergency department use pattern was stated to 

represent frequent use that naturally stops due to the resolution of ongoing needs. 

Therefore, interventions may have been incorrectly credited with reducing ongoing 

frequent use (Kanzaria et al., 2017). On the other hand, frequent emergency 

department users with long-term patterns of emergency department use represent 

a subgroup of individuals with high need and are more likely to benefit from 
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additional or alternative service such as case management and increased continuity 

at the primary care setting (Lago et al., 2019). 

Additionally, the difference in the characteristics of long-term frequent emergency 

department users compared to temporary frequent emergency department users 

demonstrates a need to consider targeted interventions to improve health and 

service outcomes. Temporary older frequent emergency department users were 

found to least likely benefit from hospital-based interventions due to the short-term 

nature of their emergency department utilisation (Lago et al., 2019). 

Instead, service interventions in outpatient and primary or social care settings may 

be more suited to meet their complex needs and reduce emergency department use 

among this patient cohort. The authors (ibid) did not find an association between 

long-term frequent emergency department use and hospital admission among 

adults, suggesting some frequent emergency department users may be managed at 

a different setting. In terms of the diagnostic profile, individuals with long-term 

frequent emergency department use related to substance disorders and psychiatric 

illness would benefit from additional services outside the emergency department, 

while those whose long-term frequent use related to more complex conditions would 

benefit from health care service delivery interventions that reduced the likelihood of 

inpatient admission and result in reduced length of hospital stay (Lago et al., 2019). 

Whereas longitudinal patterns of use have been studied among adult frequent 

emergency department users, little research has been done focusing specifically on 

longitudinal patterns of use among older frequent emergency department users, 

given the significant variation in characteristics and outcomes from younger frequent 

user population. In the Berry et al. (2019) cross-sectional study, the authors hinted 

at two distinct sub-groups among older frequent emergency department users. The 

study found one sub-group who were frequent users before the study period and 

maintained this visit throughout the study. At the same time, another subset had 

minimal health care service use prior but experienced a change in their health status, 

resulting in frequent visit over the study period. These varying utilisation patterns 



42 

indicated varying needs that require different service interventions to address their 

use patterns.  

Robust long-term analysis that examines emergency department use patterns among 

older frequent emergency department users is yet to be identified. Banerjee et al. 

(2013) stated that data-driven quantification of emergency department usage by 

older adults would guide commissioners of emergency services in resource 

allocation. Similarly, Shen et al. (2018) concluded that efficiently targeting high yield 

patients would maximize the utility of resource-intensive multidisciplinary efforts 

such as case management. Lastly, Zayas et al. (2016) stated that identifying 

meaningful utilization patterns would identify ineffective utilisation patterns and 

highlight where targeted interventions could be placed to improve care delivery.  

Therefore, examining long-term utilisation patterns will distinguish between 

different patterns of use to identify patients with similar patterns of health care 

service use to tailor additional or alternative services such as disease self-

management or more intensive case management programs. 

RQ1(a): What are the patterns of emergency department use exhibited by older 

frequent emergency department users over time? 

Characterising the subgroups of frequent emergency department users that emerge 

from the patterns of utilisation allows for the verification that the subgroups are 

distinct and also aids in identifying potential interventions that will better manage 

the healthcare needs of the subgroups overall emergency demand. Accordingly, we 

set the second part of our research question as: 

RQ1(b): What are the characteristics of subgroups of older frequent emergency 

department users based on their longitudinal patterns of use? 

Moreover, the need for research into determinants of patterns of ongoing 

emergency department use has been identified, in particular understanding 

predictors that would better identify subgroups of frequent emergency department 

use to target these subgroups with interventions adapted to their specific needs 
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(Krieg et al., 2016). Few studies have investigated determinants of patterns of 

emergency department use among frequent emergency department users. These 

studies found that the determinants of frequent emergency department use patterns 

over an extended observation period differed from the determinants of frequent 

emergency department use measured at a cross-section. More specifically, Kanzaria 

et al. (2017) found that the strongest predictor for long-term frequent emergency 

department use was the high intensity of emergency department use in the baseline 

study year. This finding is consistent with other studies on health care service 

utilisation where previous high-intensity health care service use predicts future use 

and represents potential indicators for emerging problems and ongoing high use 

(Burton et al., 2018; Kohn & Liu, 2013).  

In addition to the high intensity of baseline emergency department utilisation, socio-

demographic factors also determine emergency department use patterns among 

frequent emergency department users. Lago et al. (2019) found that long-term 

frequent emergency department use was driven by socio-economic and mental 

health issues, while temporary frequent emergency department use was driven by 

older frequent users who were characterised by multimorbidity and complex 

ongoing health care needs. However, due to the small sample of older adults in the 

reviewed studies, older adults' long-term patterns of use were likely masked by 

younger cohorts. 

Existing studies show distinguishable differences in sociodemographic and baseline 

utilisation factors among subgroups of frequent emergency department users, 

influencing the targeting and design of appropriate health care service interventions. 

Once we determine that utilisation patterns exist, and that we can distinguish distinct 

subgroups of frequent emergency department users based on the visit 

characteristics and service outcomes, we can now ask questions about the 

determinants of these patterns of use. Identifying factors associated with the 

different patterns of emergency department utilisation would also allow better 

targeting of health care service interventions and address unmet health and social 
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needs while simultaneously reducing emergency department utilisation. Therefore, 

the third part of the research questions asks: 

RQ1(c): Which sociodemographic and baseline utilisation factors determine 

emergency department longitudinal patterns of use among older frequent 

emergency department users? 

This research question fills the gaps mentioned earlier by providing a comprehensive 

measure of long-term health care service utilisation patterns that would provide 

input for planning and implementing service interventions to improve health and 

service outcomes (Kim et al., 2015). Furthermore, understanding the personal 

characteristics and environmental factors common among sub‐groups among older 

frequent emergency department users will aid in delivering targeted interventions. 

2.5 Summary of Literature Review 

The ageing population contributes to the continued growth in demand for 

emergency care, which is associated with increasing demand in the face of 

diminishing resources. Older patients aged 65 years and above represent a 

substantial proportion of frequent emergency department users. Frequent users are 

commonly defined as patients who make four or more emergency department visits 

within 12 months, whose visits are often perceived as potentially preventable with 

an underlying assumption that timely preventative care can be delivered outside the 

emergency department at a lower cost (Pines et al., 2011). Therefore, older patients' 

frequent use is emblematic of continued unmet health and social care needs (Gruneir 

et al., 2011). Furthermore, continued unmet health and social care needs have been 

found to indicates inefficiency in the health system to provide timely and appropriate 

care to older adults (Or & Penneau, 2018). 

As discussed in section 2.2.2.4, health care service interventions such as risk 

screening and comprehensive geriatric assessment, discharge planning, post-

discharge community referral interventions, and case management have shown 

mixed effectiveness in reducing frequent emergency department use. It is proposed 
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that the poor performance of interventions occurs due to a lack of targeting 

appropriate subgroups of older frequent emergency department users such as those 

in high-risk of long-term patterns of frequent emergency department use. The need 

for research on longitudinal patterns of utilisation among frequent users has also 

been highlighted by Pines et al. (2011) and LaCalle and Rabin (2010). Examining long-

term utilisation patterns will distinguish between different patterns of use to identify 

patients with similar patterns of health care service use to tailor additional or 

alternative services such as disease self-management or more intensive case 

management programs. 

Accordingly, few studies have distinguished varying patterns of use over time among 

frequent emergency department users. However, there is paucity in studies on long-

term patterns of use among older frequent emergency department users that would 

distinguish patterns of use among older frequent emergency department users to 

target appropriate groups with additional or alternative services effectively. 

Therefore, this research seeks to analyse patterns of emergency department use 

over time among older frequent emergency department users. By addressing the 

knowledge gaps in identifying and distinguishing emergency department use 

patterns, the research hopes to provide information that will assist in planning and 

implementing service interventions aimed at subgroups of older frequent emergency 

department users with similar utilisation. Identifying older frequent emergency 

department users with similar emergency department use patterns would provide 

novel insights into which subgroups may benefit from additional or alternative health 

care services. Identifying patterns of use would also maximise the use of resource-

intensive interventions by efficiently targeting sub-groups. 



46 

CHAPTER 3: RESEARCH DESIGN 

3.1 Introduction 

The primary research question seeks to determine the patterns of use among older 

frequent emergency department users as well as the characteristics of subgroups 

within the population of older frequent emergency department users and 

determinant of the patterns of use. It was expected that patterns of use and 

subsequent homogenous subgroups based on these patterns exist from previous 

literature on the heterogenous frequent emergency department user population 

(Johnson et al., 2015; Pines et al., 2011). Therefore, this thesis focused on defining 

and describing patterns of health care service utilisation among older frequent 

emergency department users and associated subgroups to provide insight into which 

targeted interventions to improve health and service outcomes. 

This chapter specifically presents the analytical modelling approach of this thesis. The 

chapter addresses methodological challenges identified in previous studies that 

analyse longitudinal patterns of health care service use. We achieve this by proposing 

the use of state sequence analysis to extract, represent and analyse patterns of 

longitudinal health care service use. The chapter describes the data requirements 

and how to build sequences representing patients’ utilisation trajectories and extract 

representative patterns of use. The chapter lists the steps followed in state sequence 

analysis. The chapter describes the required inputs and their variations, the scientific 

challenges, and how to address these challenges for each step. 

3.2 Modelling Longitudinal Patterns of Health Care Service Utilization 

Health care service utilisation has been a topic of interest for many healthcare studies 

because health systems are striving to contain expenditures and improve health 

outcomes in the face of diminishing resources (Copeland et al., 2009; Ilinca & 

Calciolari, 2015; Kohn & Liu, 2013; Sirven & Rapp, 2017; Zayas et al., 2016). Research 

has shown that health care service utilisation is not merely an outcome of ill health; 

instead, various direct and indirect factors impact health care services' use with the 
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most important being health system design (Hertzman et al., 1990). For instance, 

among older adults aged 65 years and above, high frequency of emergency service 

use is an indicator for inadequate proactive care and continued unmet needs coupled 

with their inherent health care needs (Gruneir et al., 2011). Therefore, accurate 

information on care utilisation and its implications help understand drivers for 

demand and prioritise interventions (Ilinca & Calciolari, 2015). This understanding of 

data-driven utilization patterns provides a starting point for improving the efficiency 

of health care delivery and quality of care (Yang et al., 2018). Additionally, from a 

health system standpoint, understanding how many different groups are present in 

a population, and quantifying their size over time, enhances resource planning and 

the appropriate allocation of interventions (Hastings et al., 2010). 

While many studies have documented health care service utilisation, these studies 

have some limitations. Many of these studies examined visit-level data and could not 

follow individual patients and examine health care service use trajectory over time. 

A familiar axiom in health care services research states that “previous health care use 

predicts future health care use.” (Hastings et al., 2014). However, Kohn and Liu 

(2013) noted an extreme skewness of health care service use, whereby a few high 

users consume most the health care services. There has been relatively little analysis 

of the demographics and dynamics of high health care service use over time. 

Additionally, Agarwal et al. (2017) argued that visit-level data do not track the 

dynamics of health care service use by an individual over time, overestimating the 

associations between health, age, and demand underestimating the trajectories of 

future health care service use. 

A few studies have analysed longitudinal health care service use among high users, 

focusing on the emergency department. However, these studies utilised static 

descriptive indicators to measure health care service use over time as either a 

distribution of visits or as a dichotomous variable of "utilization/no utilization" over 

time. For instance, Kanzaria et al. (2017) collapsed utilisation over time as a 

distribution of visits at consecutive discrete periods therefore, defining long-term 

frequent users as those who met the specified threshold of frequent use at 2, 3, 6 



48 

and 11 years and analysed patterns of use aggregated at the population level as 

illustrated in  

 

Figure 3.1 Longitudinal patterns of emergency department use by persistent 
frequent emergency department users over a 10-year period. Source: Kanzaria et al. 
(2017 p. 1724). 

Lago et al. (2019) collapsed utilisation over time as a dichotomous variable (binary 

variable, yes/no) where long-term frequent users were those who met the specified 

threshold of frequent use more than two times over a ten-year observation period. 

More recently, Chiu et al. (2020) similarly measured long-term frequent use as a 

binary variable, whereby long-term frequent use was defined as frequent ED use 

during three consecutive years. 

These static measurement criteria assess utilisation aggregated at the population 

level and do not examine individual health care service utilisation transitions. 
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Johnson et al. (2015) showed that health care service users have been shown to 

exhibit distinct utilisation trajectories at the individual level. Figure 3.2 sourced from 

the authors (ibid) illustrates how individuals over time tend to cycle in and out of 

varying thresholds of service use, which reflects the natural illness progression and 

most importantly, the impact of care on the disease course.  

 

Figure 3.2 Individual level analysis of patterns of use by frequent emergency 
department users showing how individuals lose and regain frequent emergency 
department user status over time. Source Johnson et al. (2015 p. 1315). 

Therefore, despite stability in population-level group characteristics, there exists 

instability in utilisation trajectories at the individual level. Population-stability of use 

over time obscures individual heterogeneity in the evolution of health care service 

utilisation that may lead to oversimplification of the measure of longitudinal 

utilisation patterns (Johnson et al., 2015). Therefore, static criteria for measuring 

health care service use over time likely mask distinct utilisation patterns and fail to 

capture the dynamic nature of utilisation through time (Yang et al., 2018). 

Additionally, the literature has reported the limitation of misclassification of 

temporary or short-term frequent emergency department users (Kanzaria et al., 

2017; Lago et al., 2019) 

Examining individual utilisation trajectories identifies varying patterns of use that 

may impact service delivery and health outcomes. For instance, it is one thing if 

individuals exhibit frequent use, commonly defined as making more than four visits 
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over 12 months, in a given year and then return to a baseline risk for future high use; 

it is quite another if individuals exhibit persistent, frequent use over a given 

observation period. Individuals exhibiting the two varying utilisation patterns would 

have different determinants of use and require different interventions to manage 

demand over time (Burton et al., 2018). Therefore, there is a need to account for the 

heterogeneity in individual utilisation trajectories when identifying longitudinal 

patterns of health care use to accurately identify frequent users with time-limited 

episodes of high utilisation from those with persistently high utilisation. One 

promising approach that considers utilisation trajectories' heterogeneous nature is 

modelling utilisation as a process unfolding through time (Béland, 1988).  

Previous literature has provided evidence on the dynamic nature of health care 

service utilisation, more so for older adults, whereby individual demand for care is 

stated to be influenced by factors such as health status, demographics and economic 

statuses and health care service design (Ilinca & Calciolari, 2015; Sirven & Rapp, 

2017). Moreover, among older adults, previous health care use such as emergency 

department visits and hospitalizations are independent predictors of subsequent 

unscheduled health care use (Hastings et al., 2014). Therefore, over time older 

patients may be thought of as progressing through utilisation stages, which refer to 

changes in the pattern of health care service utilisation over time in relation to the 

number of health care service utilisation events (Moineddin et al., 2010). This 

dynamic process reflects the natural progression of illness which includes flare-ups 

and resolution and, more importantly, the impact of the organisation and delivery of 

care on the course of illness (Johnson et al., 2015).  

The conceptualisation of health care service use over time as a dynamic process 

allows for the application of statistical and analytical models which describe patterns 

in health care service utilisation over time and their determinants. These approaches 

are broadly categorised as: 

I. Event History Analysis 

II. Sequence Analysis 
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The sections that follow review the literature on longitudinal health care service 

utilisation modelling using methods from these broad approaches. On the one hand, 

event history analysis focuses on the occurrence of events over time and their 

determinants and are concerned with the transition probabilities of moving from one 

state to another in the next period that can be conditioned on patient demographics, 

health status and health care service delivery. On the other hand, sequence analysis 

aims at exploring and describing sequences of events as whole sequences to 

determine differences in temporal ordering between cases and their determinants. 

3.2.1 Event History Analysis 

Event history analysis refers to models that take an event-based approach in 

modelling longitudinal patterns of utilisation. Health care service utilisation over time 

is understood as events in a dynamic system occurring with measurable probability 

(Moineddin et al., 2010). In the literature, the analysis predominantly assumes a 

stochastic utilisation process. Markov models have been used predominantly to 

measure the probabilistic behaviour of patients traversing between different levels 

of utilisation over their trajectory. Typical modelling involves determining a finite 

number of different states in which a patient might be at various times, then deriving 

appropriate sojourn time distributions and transition probabilities that reflect the 

relative proportions of transfers made between states (Gallivan et al., 2007).  

Béland (1988) conceptualised health care service utilisation as a process occurring 

through time to examine the changes in the pattern of health care service utilisation 

and its determinants. The authors (ibid) developed a three-state Markov model to 

study utilisation as a process. The Markov model states were based on the 

distribution of visits within each period collapsed into three categories: no utilisation, 

1-3 visits, and more than four visits. The transition probabilities from one level of 

utilisation to another in the next period were computed as the relative proportions 

of patients in each state in each observation period. The authors showed that 

analysing utilisation over time as a dynamic process performed better than the 

traditional models that used static descriptors of utilisation over time by revealing 

the changes between utilisation states. Moreover, the analysis allowed for the study 
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of the non-linear effects of determinants, such as age, on utilisation over time, 

indicating prevailing bias in previous analysis using static descriptors. However, the 

model yielded transition probabilities that were not constant over time for older 

individuals aged 65 years. This indicated that older adults have longer sequences of 

emergency care visits and therefore require a period longer than a year to observe 

the process of health service utilisation.  

Moineddin et al. (2010) extended the previous stochastic Markov model to a similar 

three-state model with a nine-year follow up required to observe the process of 

health care service utilisation for older patients. The model estimated the trends over 

time of the transition probabilities from low use category to moderate and high use, 

providing information on health care service utilisation patterns among older adults. 

For instance, high users were more likely to stay in this category regardless of age or 

gender, emphasising the need for preventative and health promotion interventions. 

Moreover, over time, the analysis showed an increase in transition probabilities from 

lower utilisation categories to high use category for older adults aged 79 years and 

above, which is associated with poorer health outcomes. 

These studies demonstrate the utility of event history analysis in analysing 

longitudinal utilisation patterns. As opposed to static descriptors of long-term 

patterns, event history analysis reflects a patient's utilisation trajectory and provides 

insights into utilisation dynamics over time. The utilisation pattern over time is 

depicted as the probability of switching between the different states of interest given 

an individual's state history. Therefore, event history analysis provides more 

information on the heterogeneity in the pattern of health care service utilization over 

time, by summarising the changes in the level of utilisation patients undergo from 

one period to the next. By focusing on transition probabilities, event history analysis 

captures the non-linear and heterogeneous effect of determinants of utilisation on 

the patterns of use over time better than static measures of utilisation or 

comparative models that aggregate utilisation or use time-periods as dummy 

variables (Béland, 1988). 
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A similar modelling technique has been used to examine bed occupancy patterns and 

length of stay in hospital geriatric wards. Patient length of stay is used as a proxy 

measure of resource consumption and has consequently been used to group patients 

based on their occupancy times. In this instance, the distribution of length of stay is 

assumed to be a good proxy not only for hospital resource consumption but also 

health status. Millard et al. (2009) noted that despite the complexity of patient 

pathways or individual treatment behaviour, there is expected homogeneity in the 

amount of time patients occupy beds. Therefore, understanding and controlling 

variation in the length of stay provides insight into throughput for capacity design 

and planning. In the literature, transition-based techniques primarily based on length 

of stay initially fit mixed exponential equations to bed occupancy data derived from 

bed census to build representative compartmental models.  

McClean and Millard (1998) aimed to investigate variability in length of stay of older 

patients in a geriatric department by clustering patients based on their bed 

occupancy patterns to understand how clinical and operational factors interact to 

influence long term care costs. The authors (ibid) assumed that utilisation sequences 

were composed of a progression between three latent states (with no backward 

flow) during treatment at the geriatric department before discharge or death. The 

ordered states, namely, acute, rehabilitation and long-stay, were approximated from 

the distribution of length of stay extracted from bed census data and corresponded 

to increase in the amount of care required by a given patient group. The daily cost of 

time spent in each state was attached to the Markov model to approximate the total 

cost of each stage of treatment based on the average length of stay. Sensitivity 

analysis identified cost-effective patterns of use within the geriatric department by 

varying the transition rate parameters contributing to hospital resource planning.  

These utilisation models were extended to accommodate further analysis into the 

more extensive health care network. Given time to discharge and readmission data, 

Taylor et al. (1997) captured the interaction between geriatric inpatient services and 

community care. The authors (ibid) captured the trends in utilisation between 

geriatric inpatient care and community care for bed management in the geriatric 
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medicine department. The analysis also compared different care models contributing 

to process improvement by illustrating the impact of different care models on length 

of stay. For instance, the analysis found that keeping the patient longer in the 

hospital to ensure fitness of discharge provided costs savings by decreasing the 

number of long-stay patients in institutional care (McClean & Millard, 2007). 

Furthermore, phase-type distributions have also been used to govern a patient's 

movement between states representing the progression in the care process and 

capturing the inherent heterogeneity in resource utilisation using discharge data to 

overcome limitations of bed-census data. Accordingly, Faddy and McClean (2005) 

extended the previous hospital and community utilisation models to consider 

readmissions back to the hospital represented as a transition from any community 

state back to the hospital with death as the final state. The model used durations of 

hospital treatment and time in community care, and data on readmissions and 

mortality derived from the hospital and social services administrative databases. The 

model provided the patient probabilities of transitioning to each state and the mean 

time spent in each state. Incorporating covariates provided information on the 

patterns of use with age and year of admission. Furthermore, McClean et al. (2007) 

extended this model's application to extract interesting utilisation patterns. 

Interesting patterns of use were identified as those with a high probability of 

occurring, those with a low or high length of stay or were associated with high costs 

or adverse patient outcomes such as death (Garg et al., 2009). 

However, the studies so far have only considered a simple Markov process with first-

order homogenous Markov chain. First-order assumptions limit the models in 

exploring the entire chronology of care due to the assumption of future movement 

depending only on the present state and the assumption of time homogeneity 

(Kucukyazici et al., 2011). The transition probabilities assume a first-order chain 

where the future state of the process depends on the present state and the transition 

probabilities are the same for each time interval (Kaushik et al., 2006). These 

assumptions are essential to the analysis of the stochastic process as it ensures 

statistical stability for the transition probabilities and times spent in a state. However, 
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due to the first-order assumption, transition probabilities reflect the relative 

proportions of transfers made between states and do not fully capture the 

chronology of care consumption.  

Invoking either deeper past dependence (higher-order) or changing probabilities 

(non-stationary) would account for misfit of one-step models. For instance, Monte 

Carlo simulations are commonly used to overcome the homogeneity assumptions 

without increasing the number of states by attaching attributes to the individuals 

within a model that may vary the transition probabilities (Mustafee et al., 2010). 

However, these models are data-intensive, which increases the number of 

parameters exponentially with respect to the order of the model.  

In the prevailing models, to deal with confounders or determinants of use, patient 

populations were categorised into subpopulations with their transition probability 

matrix to ensure substantial homogeneity in the process being analysed. However, 

the stratification approach to control for confounders poses a significant limitation 

where the number of transition-probability matrices increases with respect to the 

number of confounding variables. Additionally, stratification may negatively affect 

the tests of significance of the outcomes due to small sample sizes for some 

populations and only shows the strength of association at the sub-population level 

rather than at the population level (Kucukyazici et al., 2011). 

3.2.2 Sequence Analysis 

Sequence analysis, a non-parametric approach that makes no assumption about the 

underlying process. Instead, the utilisation process that makes up an individual’s 

trajectory is viewed as whole units rather than an artefact of a stochastic process 

(Abbott, 1990). Sequence analysis treats individual utilisation trajectories as a 

sequence of an ordered list of elements, with each element tied to a fixed point in 

time or position. Additionally, for a given sample of interest, sequences have a 

specific order considered to be of importance (Brzinsky-Fay & Kohler, 2010). The 

main task of sequence analysis is to compare these sequences to determine typical 

trajectories representing prevalent patterns in temporal sequences rather than a 
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single transition pattern that holds across all cases as is in transition-based 

approaches previously discussed (Stovel & Bolan, 2004). Therefore, sequence 

analysis is a natural extension of event history analysis that explores the temporal 

ordering of states in addition to the transition mechanisms between states (Mills, 

2011). 

Sequence analysis is a technique adapted from bioinformatics used to compare 

sequences of protein strings such as DNA (Abbott, 1990). Recently, sequence analysis 

has been applied to the analysis of trajectories in the social sciences in various fields 

including sociology (Abbott, 1995; Stovel & Bolan, 2004) and organisation science to 

study organisational routines as recurring embedded analytic processes performed 

by a group of individuals (Breuker & Matzner, 2013; Pentland, 2003; Sabherwal & 

Robey, 1993; Salvato, 2009).  

Sequence analysis determines patterns within trajectories by measuring pairwise 

dissimilarities between trajectories in terms of the order, the timing of events, and 

spell duration (Studer & Ritschard, 2016). Pairwise similarities are measured by 

computing the distance or dissimilarity for each sequence pair. This is often 

computed by calculating the edit distance between two sequences. Edit distances 

between two string sequences are defined as the minimum cost of performing the 

minimal number of elementary operations needed to transform one string to another, 

namely insertions, deletions, and substitutions subject to an application-dependent cost 

(Kruskal, 1983).  

Under the traditional optimal matching, pairwise dissimilarity is defined as the 

minimum total cost of transforming one sequence x into another sequence y based 

on a trade-off between insertion/deletion and substitution operations, which are 

assigned fixed costs (Biemann & Datta, 2014). Therefore, pairs of sequences with 

smaller measured distances or dissimilarities are considered similar, while pairs of 

sequences with larger distances or dissimilarities are distinct. This procedure returns 

a matrix of pairwise dissimilarities that can be clustered to identify natural groupings 

among the trajectories (Stovel & Bolan, 2004). 
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The strength of sequence analysis is the holistic perspective in determining trajectory 

patterns, which accounts for all states of interest experienced during the observation 

period (Studer & Ritschard, 2016). Utilisation trajectories represent a long-term 

process that requires a holistic approach to capture broader patterns in contrast to 

event-based methods, which estimate stepwise transitions to describe how diverse 

trajectories produce empirically regular patterns (Stovel & Bolan, 2004). Additionally, 

there is no modelling requirement of homogeneity within the patient group. Instead, 

the modelling approach identifies homogenous utilisation patterns from 

heterogeneous individual patient utilisation histories. These patterns can be linked 

to determinants using traditional statistical techniques or data mining techniques 

such as regression or regression trees avoiding proliferation of the state space.  

Two standard approaches of sequence analysis exist based on the construction of 

trajectories, namely event sequence analysis and state sequence analysis (Kuwornu 

et al., 2016b). The construction of event or states sequences offers alternative 

perspectives of trajectories that affect how the patient trajectories are represented 

(Ritschard et al., 2013).  

1. Event Sequence Analysis 

Event sequence analysis aims to explore the most frequent or most discriminant 

subsequences of events and determine whether the temporal order of events is 

associated with hypothesised outcomes (Ritschard et al., 2013). An event is 

considered a local and instantaneous phenomenon that occurs at a specified time-

point and is a fixed item of history. Therefore, event sequences are an ordered list of 

events, where each event has an associated timestamp to account for time, and 

multiple events may occur simultaneously. Consequently, event sequence analysis 

has been widely applied in the discovery of care pathway patterns. A care pathway 

is a defined set of therapy and or and treatment activities representing the steps 

required to achieve a specific treatment objective in a patient’s care flow (Huang et 

al., 2014). The discovery of care pathway patterns provides information on patient 

treatment intent and behaviours that enable the evaluation of care provision in 
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relation to reference standards, thus improving the organization of healthcare and 

determining strategic choices (Defossez et al., 2014). 

The formulisation of event sequences rather than state sequences maintains the 

precise detail of events existing in utilisation trajectory. The diversity of transitions is 

maintained by the different sets of events making up the sequence (Studer et al., 

2010). This level of detail is important when determining overlapping parts of care 

trajectories or pathways, whereby comparisons between trajectories of care relies 

on both semantically rich representation formalism for care trajectories (Rivault et 

al., 2017). However, outside well-defined care pathways and the ad hoc nature of 

emergency care, event sequences can be long and difficult to analyse as such due to 

the high diversity that stems from the complexity of patient treatment behaviours.  

To illustrate this concept, Table 3.1 consists of figures that show emergency 

department visits visualised on a timeline from three emergency department users. 

The exact dates are manipulated for de-identification. The first emergency 

department visit is fixed as the reference date, and consecutive emergency visits and 

or hospital stays are mapped accordingly from the reference visit capturing both the 

duration of hospital visits and the time between hospital emergency visits and stays. 

For instance, patient 1 (P1) had an emergency department visit on day one with six 

investigation procedures (NHS Digital AE investigation codes 01-16) and four 

treatment procedures (NHS Digital AE investigation codes 222-112). P1 was 

subsequently admitted on day one and discharged on day five with no inpatient 

procedure conducted. The figures illustrated some of the advantages and 

disadvantages of event sequence formularisation. 
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Table 3.1: Patient Utilisation Trajectories as Event Sequence Representation 

Based on an Extract from SaTH Patient Administration System AE and APC 

Dataset (2013-2018).  

P1 

 

P2 

 

P3 

 

a – time-lapse between hospital emergency department visit and stays 

 

As illustrated by Table 3.1, the three patients had emergency department visits on 

different dates. Additionally, each patient had different treatment combinations 

conducted during each visit. The high diversity of the observed events for a given 

patient makes it challenging to extract homogenous patterns that characterise 

underlying regularity. In addition to the diversity of treatment events, unplanned 

health care visits, in particular, pose specific challenges due to the uneven time 

intervals between subsequent visits in and between trajectories, which complicates 

the discovery of patterns (Yang et al., 2018). Moreover, the low level of granularity 
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makes it challenging to map the individual events at each time point. Administrative 

health datasets are characterised by low granularity, whereby the observed events 

are recorded as an unordered list with no corresponding timestamp (Huang et al., 

2015; Mans et al., 2013). Given these limitations, this thesis focuses on state 

sequence analysis.  

2. State Sequence Analysis 

The formalisation of utilisation trajectories as state sequence assumes that the 

realisation of one or more simultaneous events denotes a transition to a given state 

experienced within a period. For example, having four hospital emergency 

department visits, or events in this regard, within 12 months would denote a state of 

frequent use for that given year. According to Johnson et al. (2015), individuals may 

remain in this state throughout the observation period while others may fluctuate in 

an out of this state depending on exacerbation of illnesses or the impact of care on 

the course of the disease. According to the authors, analysis at this level is necessary 

due to the impact of these fluctuations in utilisation states on program design. 

Therefore, state sequences are derived from event sequences through the 

aggregation of observed events into states that characterise a given period. In the 

literature, this is has been achieved through the logical aggregation of repeated 

occurrences of events to form states that represent stages in treatment extracted 

from treatment guidelines as in Defossez et al. (2014). Another example is in a study 

describing the overall care consumption of a multiple sclerosis care pathway. Roux 

et al. (2016) aggregated the number of health care events into five states 

corresponding to the annual consumption of care. Alternatively, probabilistic 

clustering of the observed events has been used to derive the states when the 

observed events cannot be directly linked to a stage or well-defined step in formal 

treatment. For instance, Huang et al. (2015) used probabilistic topic modelling to 

assign observed events to a small number of known treatment topics that 

represented a treatment state. 
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In contrast to event sequences, state sequences are comprised of an ordered list of 

categorical states which have a known duration and are mutually exclusive. States 

correspond to temporal intervals with a duration covering the entire considered unit 

of time, whether an hour, day, month, or year. Positions in the sequence reflect the 

duration since the beginning of the sequence. States are mutually exclusive, whereby 

an individual can only be in one state for the given time point. Analysis of state 

sequences is of interest when the critical concern is the differences in duration, 

timing, and order of states.  

Therefore, state sequence analysis is concerned with determining typical trajectories 

representing patterns and their relation to exogenous factors or analysing the factors 

influencing the risk of following a chaotic trajectory or staying stuck in a state 

(Gabadinho et al., 2011). In the literature, utilisation trajectory patterns have been 

modelled by systematically mapping patient utilisation trajectories, operationalised 

as state sequences with the states representing the level of health care service 

utilisation and comparing the sequences using state sequence analysis to identify 

distinct utilisation patterns. 

Le Meur et al. (2015) used state sequence analysis to assess disparities in prenatal 

utilisation trajectories. The typology of utilisation patterns was identified using an 

optimal matching dissimilarity measure that computed pairwise dissimilarities for 

2,518 patients and agglomerative nesting hierarchical clustering using Ward's linkage 

method. The analysis found three types of prenatal utilisation patterns that were 

associated with socioeconomic status. Thus, the analysis contributed to the quality 

of care by highlighting overall heterogeneity in prenatal utilisation in terms of access 

and availability of prenatal services, identified patient groups that required service 

improvement providing inference for strategic health care resource planning at the 

national level. 

Similarly, Roux et al. (2018) used state sequence analysis to identify utilisation 

patterns that explained the distribution of care consumption of people affected by 

multiple sclerosis. The utilisation patterns identified were unique, based on the 

gradation in care consumption over time, distinguishing between patients whose 
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utilisation was characterised by bursts of visits associated with exacerbation of 

underlying care issues or unresolved issues characterised by persistent high level of 

usage. Analysis of the individual elements that constituted the patient utilisation 

trajectory contributed to resource planning by mapping the services frequented by 

each patient group and identified groups that deviated from recommended 

guidelines. 

Studies on the patterns of health transitions in the late-life course and among high 

impact users and its association with health and service outcomes provide further 

evidence on the applicability of sequence analysis to study long-term patterns. 

Sequence analysis overcomes limitations in assessing comprehensive and long-term 

health evolution by providing information on the timing and order of events and 

successive states' duration. For instance, Kim et al. (2015) described long-term health 

trajectories of chronic health conditions in late life to identify individual differences 

in life course health transitions and its impact on financial security using data from 

the American Health and Retirement Study. Rao et al. (2017) used State sequence 

analysis to identify patterns in the trajectory of causes of readmissions over four 

years among high-impact users using hospital administrative data from the Hospital 

Episode Statistics database for developing cost-effective prevention interventions in 

the community. State sequence analysis identified common and distinguishable 

trajectory patterns that were new contributions to the respective fields. 

Sequence analysis has also contributed to workflow analysis to map end to end care 

delivery processes and contribute to resource planning. Fei et al. (2009) used 

sequence analysis to identify patterns of use that represented homogenous pre-

operative care trajectories. The sequences of patient care trajectories were 

composed of states representing standard pre-operative activities. The study 

modelled the pattern of use in two stages: the first stage involved classifying the 

trajectories based on the complexity of hospital visits proposed by Mǎruşter et al. 

(2002). Each logistically homogenous patient group identified at the first stage was 

further classified using optimal matching to define dissimilarities between care 

trajectories, clustered using the k-medoid clustering algorithm. The study 
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distinguished between mono-disciplinary and multi-disciplinary care trajectories 

contributing to workflow analysis and resource planning by identifying specialities 

frequented by each patient group. 

Along the same line, Le Meur et al. (2018) used sequence analysis to characterise and 

visualise patterns of use to decipher health care resource use by patients with end-

stage renal disease. Sequence analysis integrated the sequence of treatments and 

interactions between determinants in the analysis of the care trajectories. The 

ordered sequence of states represented the order of treatment stages followed for 

48 months after initial treatment. Rather than using cluster analysis for grouping, the 

authors used regression trees to partition 5,568 sequences into twelve patterns of 

use that represented homogenous care trajectories. The analysis contributed to 

process improvement by analysing the impact of new treatments on patient 

outcomes and informed the redesign of care processes towards patient-centred care. 

However, the studies on utilisation trajectories have utilised optimal matching 

technique, the most used method for measuring dissimilarity. There have been 

several criticisms of sequence analysis using the optimal matching method of 

generating the dissimilarity matrix. The criticism mainly lies in the theoretical 

justification of transformation costs assignment and its influence on the measured 

dissimilarity.  

The transformation or edit costs influence the type of patterns uncovered when using 

sequence alignment methods such as optimal matching. More specifically, the 

balance between the insertion or deletion (indel) and the substitution costs is crucial 

in measuring sequences dissimilarity.  

Studies have found that indel operations favour identically coded states irrespective 

of their locations, while substitution focuses on contemporaneous similarities 

(Lesnard, 2010). Therefore, a high ratio of substitution to indel costs finds patterns 

in which differences between sequences are attributable to the duration spent in 

distinct states. In contrast, a low ratio of substitution to indel costs finds patterns in 

which differences between sequences are attributable to states' timing.  
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The justification of the cost scheme becomes a key issue in applying the optimal 

matching technique in state sequence analysis due to the lack of a theoretical 

foundation. The criticisms draw attention to the subjectivity of the choice of weights, 

which limit the transparency at best or makes the costs arbitrary at worst (Levine, 

2000; Wu, 2000).  

Accordingly, it has become common practice in the social sciences to fix the weight 

of an insertion or deletion (indel) to half that of substitution to balance the effect of 

each on the kind of patterns uncovered (Lesnard, 2014). However, despite the 

prevalence of optimal matching as a dissimilarity measure, other dissimilarity 

measures and non-alignment distances have been developed either independently 

or in answer to criticisms of optimal matching (Aisenbrey & Fasang, 2010). 

Studer and Ritschard (2016) show that the appropriate similarity metric depends on 

whether the interest lies in determining the differences between sequences are 

attributable to timing (the occurrence of the states at a given time), sequencing (the 

order of states) or duration (duration spent in distinct states). Therefore, in the 

presence of existing theory on specific temporal patterns that exist, the choice of 

dissimilarity or distance measure should be suited to find the theorised temporal 

patterns.  

Alternatively, in the case where no theory exists about the kind of patterns in the 

data, literature has proposed utilising different dissimilarity and or distance 

measures sensitive to each of the three aspects. Studer and Ritschard (2016) argued 

that using various measures would allow one to test the sensitivity of the differences 

in trajectories to timing, sequencing, or duration. Moreover, different 

parameterisations lead to the uncovering of different sorts of patterns which would 

test the robustness of final solutions to justify the choice of the similarity measure 

and the patterns discovered.  
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3.2.3 Event History Analysis vs Sequence analysis in Modelling Longitudinal Utilisation 

Patterns 

The two broad classes of methods represent methodological improvements in 

analysing longitudinal data. These methods overcome the limitations of static 

descriptors of longitudinal health care service utilisation. More specifically, these 

count-based criteria fail to account for the dynamism that characterises longitudinal 

health care utilisation patterns at the individual level. Event history analysis and 

sequence analysis provide a means to analyse temporal patterns in utilisation 

trajectories. On the one hand, event history analysis studies the probabilistic risk of 

an event's occurrence to predict transitions between utilisation levels. On the other 

hand, sequence analysis measures the difference between individual trajectories in 

terms of order and timing of events and duration in spells of states to identify 

common and distinguishable patterns of use in utilisation trajectories.  

Undeniably, both approaches have differing objectives. Sequence analysis aims at 

the exploration and measurement of the dissimilarity between individual utilisation 

trajectories. In contrast, event history analysis aims at describing the stepwise 

transition probabilities from one level of utilisation to the next. However, in terms of 

identifying long-term patterns from utilisation trajectories, event history analysis 

considers transitions between utilisation levels at specific time points, ignoring the 

qualitative differences between overall utilisation trajectories. Analysis of state 

transition probabilities does not consider the role of time in structuring event 

sequences, thus focusing on short term dynamics in utilisation trajectories. 

Additionally, measures such as sojourn time, time to the first occurrence are specific 

to particular states and do not give the typical history of utilisation over time (Abbott, 

1990). 

Additionally, event history analysis struggles with issues of endogeneity and or 

interdependence between states; whereby within cases, subsequent states may be 

dependent on earlier states which is always the case in health care service utilisation 

(Sirven & Rapp, 2017). Transition-based approaches assume an underlying stochastic 

process that generates data from point to point and the fundamental assumption of 
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homogeneity of the process of utilisation (Cote & Stein, 2000). Considerable 

heterogeneity is expected in utilisation trajectories with the presence of irregular or 

outlier sequences. Lastly, this heuristic methods measure state transitions based on 

the frequency of particular elements or sub-sequences and may not find irregular or 

outliers sequences in the predefined or specified state space (Aisenbrey & Fasang, 

2010). 

Sequence analysis, being a non-parametric approach, makes no assumptions about 

the underlying processes. Instead, spans of trajectories are viewed as whole units 

rather than artefacts of a stochastic process. Sequence analysis avoids issues in 

endogeneity and or dependence between states by facilitating the identification of 

regularity within the entire trajectory of events. Once the level of regularity has been 

determined, further analysis can be undertaken to analyse the causes of particular 

transitions (Studer et al., 2018). 

The key advantage of sequence analysis over an event-based framework is that 

sequence analysis incorporates the role of time in the structuring of event sequences 

and the heterogeneity of the effect of time. The simplifying assumption of first-order 

effects where the memory of a process is efficiently summarised by the last visited 

state which assumes elements in sequences unfold homogenously over time for each 

case possessing the same combination of attributes (Piccarreta & Studer, 2018). 

Individuals are also assumed to be homogenous and transition from one state to 

another following the same set of transition probabilities (Davies & Davies, 1994).  

However, this is rarely the case as events often influence each other and vary 

between cases, especially in health care. Additionally, assuming patients as 

homogenous may lead to errors in estimating health outcomes (Kucukyazici et al., 

2011). Utilisation trajectories often have underlying temporal regularities patterns 

that vary due to the interplay of medical decision making and patient characteristics. 

Therefore, despite the heterogeneous temporal ordering in event sequences, similar 

types of sequence patterns may exist due to regularities of treatment behaviour and 

patient characteristics. Extraction and analysis of these typologies are possible 

through sequence analysis. 
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In summary, sequence analysis provides a more intuitive method to analyse 

longitudinal health care service use patterns, consistent with the aims of previous 

analysis that utilise static descriptors of utilisation over time. From the literature, 

static descriptors measured utilisation over time as a dichotomous variable that 

measures whether an individual met a certain utilisation threshold over a set period 

or as a distribution whereby an individual met the threshold at discrete time points 

over the observation period (Johnson et al., 2015; Kanzaria et al., 2017; Lago et al., 

2019).  

Instead, sequence analysis builds an individual's entire trajectory as a sequence of 

elements (that represent the level of utilisation ordered in time and identifies a finite 

set of empirically typical utilisation trajectories to reveal distinct patterns of 

utilisation (Le Meur et al., 2015; Roux et al., 2018). Assessing the relative prevalence 

of various utilisation trajectories allows for identifying subpopulations with similar 

utilisation histories, and the discussion of how utilisation of individuals within given 

subpopulations evolves, its determinants and subsequence outcomes. 

Roux et al. (2018) proposed a comprehensive methodology that uses state sequence 

analysis to analyse longitudinal patterns of use in patient trajectories. The authors 

proposed a three-step methodology that includes identifying states and sequences, 

which defines the chronology of care consumption to be assessed, and a second and 

third step of measuring dissimilarity and clustering sequences respectively that 

identify the specific patterns. 

Our work intends to extend the methodology, with additional steps to improve the 

existing methodology deal with data selection and check for the final model's 

robustness. Regarding the latter, we propose a pattern searching procedure that 

compares the multiple ways of measuring dissimilarities between state sequences 

and selects the best outcome based on the quality of the clustering. The contribution 

related to this specific phase is to check the robustness of the results to the 

dissimilarity measure and the associated parameters.  
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3.3 State Sequence Analysis Methodology 

The basic idea in state sequence analysis is to discover sequential patterns in 

utilisation trajectories by measuring the dissimilarity or distance between two 

utilisation trajectories with respect to the succession of their component categorical 

states. The complete methodology for determining longitudinal patterns of use using 

state sequence analysis consists of three steps.  

I. The starting point: Data  

II. Identification of states and sequences 

III. Pattern searching 

Further analysis of the sequence data and associated dissimilarities involves 

sequence representation and statistical techniques employed to characterise the 

identified patterns. Visualisation methods summarise the qualitative and 

quantitative information contained in the sequence data and the identified patterns. 

Like any other data analysis process, state sequence analysis follows an iterative 

process that tests different configurations of sequences, dissimilarity/distance 

measures and associated parameters.  

The sections that follow discuss each of these steps further. 

3.3.1 The Starting Point: Data 

The starting point of the framework is a database that contains data that can be 

utilised to construct patient utilisation trajectories. In this instance, a patient’s 

utilisation trajectory refers to the patient’s sequence of contacts with care providers 

over time (Kuwornu et al., 2016b). In the literature, population-based administrative 

health databases have been identified as valuable resources for constructing 

utilisation trajectories for entire populations. The utility of administrative data, 

especially for longitudinal research, has been discussed as far back as 1987 (Roos et 

al., 1987). 

In health care service research, administrative data refers to data collected by health 

care providers and insurers for administrative purposes such as activity monitoring 
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and reimbursement (Sinha et al., 2013). Health care providers and insurance 

organisations maintain administrative databases that collect a variety of data 

resulting from the administering of health care such as hospital activity, general 

practice, claims information, and disease registries. For instance, hospital 

administrative data is collected from hospital discharge summaries following 

legislation requirements for reimbursement of services delivered to patients (Mans 

et al., 2013). Hospital discharge summaries contain data related to the diagnosis, 

investigation and treatment for each hospital visit along with routine demographic 

data.  

The primary objective of administrative data is capturing patient resource utilisation. 

Therefore, administrative data provide a rich source of health care service activity 

data that is routinely collected on large populations across a long-term horizon. The 

longitudinal nature of administrative data allows for tracking patient journeys 

retrospectively or prospectively over health care providers with long follow-up 

periods. This longitudinal nature also captures patient outcomes that go beyond the 

possible duration of the impact of an intervention or service improvement. Trends 

can be analysed to see long term impact of interventions and changes in the 

population outcomes allowing for better causal inference (Roland et al., 2005). The 

large sample size affords comprehensive population coverage which makes it 

possible to create representative cohorts (Herbert et al., 2017) and is less subjected 

to attrition, non-response and reporting bias (Richards et al., 2003). Other 

advantages are that it is computer-readable, relatively inexpensive to acquire and 

routinely collected and updated in a timely manner. 

However, a patient’s contacts with the health care system are kept in separate 

administrative databases; for instance, ambulatory, emergency department, 

admission, and physician billing claims. Kuwornu et al. (2016b) showed that the use 

of stand-alone databases to infer subsequent health care contacts does not provide 

a reliable measure for transitions between health care service providers. Therefore, 

information on individuals should be linkable across data sets. Services such as the 

Clinical Practice Research Datalink in the United Kingdom or the Scottish SAIL 
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databank provide patient-level data linked between various sources (Husain et al., 

2012). This data linkage allows for the retrospective and prospective construction of 

patient utilisation trajectories spanning various health care services. Once the data 

source has been identified and pre-processed, the next step involves building 

individual utilisation trajectories discussed in the section that follows.  

3.3.2 Identification of States and Sequences 

Identification of sequences and states involves conceptualising and measuring the 

categorical state sequences and its constituent elements. Identifying and 

transforming a patient's utilisation trajectory into an ordered sequence of states 

involves: 

I. Selection of the study period  

II. Selection of the time unit of analysis  

III. Definition of the state alphabet 

3.3.2.1 Selection of the Study Period  

The study period defines the onset and the end of the sequences. Studies that have 

investigated longitudinal patterns of use in the general population arbitrarily set the 

observation period between six years to ten years (Kanzaria et al., 2017; Lago et al., 

2019; Rao et al., 2017). Other studies on utilisation patterns among specific patient 

groups have dictated the observation period whereby the observation period is 

determined by the reason for service use or disease resolution. For instance, prenatal 

care consumption analysis was set to nine months spanning from when women 

declared their pregnancy to when they gave birth (Le Meur et al., 2015). Another 

study set the observation period based on the occurrence of specific disease markers 

when studying patterns of health care service use during exacerbation of chronic 

diseases as in Kuwornu et al. (2016a). Therefore, the study aims, sample population 

and data availability govern the selection of the study period. 
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3.3.2.2 Selection of the Time Unit of Analysis 

The time unit of analysis defines the level of granularity, which dictates the maximum 

number of states that constitute the sequence. Dlouhy and Biemann (2015) 

recommend using sequences with at least 25 states to achieve classifications of 

acceptable quality. However, the authors (ibid) noted that this recommendation is 

based on the level of observed variability that would provide meaningful categories 

and data availability. The aggregation of observed health care service utilisation 

events into states should correspond to the time periods of potential switch between 

states to generate meaningful categories and observe variability in health care 

service utilisation. It has also been recommended that the number of states should 

remain relatively limited as a proliferation of states will complicate the final 

interpretation (Biemann & Datta, 2014). 

For instance, Le Meur et al. (2015) chose to group pregnancy-related visits by 

trimester because it corresponded to the time periods of potential switch between 

care professionals. In another study, Le Meur et al. (2018) converted calendar dates 

to monthly time intervals to correspond to renal replacement therapy by individuals 

with end-stage renal disease. Additionally, data availability limits the number of 

states that can be defined. For instance, if data from five years is available, moving 

from coding annual utilisation to quarterly utilisation to gain 20 elements changes 

the results marginally but may increase the number of missing states (Dlouhy & 

Biemann, 2015).  

3.3.2.3 Definition of the State Alphabet 

The final step is defining the state alphabet, which involves identifying a discrete list 

of values each state will fall into. The specific coding scheme is a matter of researcher 

choice and judgment. In the literature, the number of visits per time unit of 

observation was counted and converted into a categorical variable relative to the 

quartile distribution of the number of visits (Le Meur et al., 2015; Roux et al., 2018). 

Frequency of use offers a level of abstraction and simplification of patient trajectories 

within the care processes, as discussed in section 3.2.2 (El-Darzi et al., 2009). 
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Other issues to consider when building sequences are the sample size and truncation. 

From Dlouhy and Biemann (2015), the minimum sample size of 50 is required to 

achieve classifications of sequences of acceptable quality. Truncation of sequences 

refers to where individuals enter or exit into observation at different times yielding 

sequences of different length. Truncation is a threat when using longitudinal 

administrative data since the data is not collected at regular intervals for everyone 

as in time series or panel data. More specifically, the data may suffer from right or 

left truncation. 

Left truncation refers to delayed entry into observation since some or all individuals 

are not followed from time zero in the study time scale. Left truncation leads to 

missing data in sequences with a delayed start and creates the risk of clusters 

devoted to patients with missing elements at the start, as their sequences will be 

more similar in this regard. This scenario would not give meaningful characteristics 

of the cluster as it is linked to the delayed start rather than a specific pattern of care. 

Therefore, the study cohort should be selected based on individuals who are 

observed at the start of the observation window, limiting the cohort to individuals 

with a homogenous onset. 

Sequences end when patients’ utilisation is not observed towards the end of follow-

up inducing right-truncated sequences. However, this is expected as individuals have 

different trajectory lengths. A state can be introduced to cater for periods after onset 

with no consumption. 

3.3.3 Pattern Searching 

State sequence analysis derives patterns from trajectories by measuring pairwise 

differences between sequences and using this information to classify the sequences 

into groups that represent typical sequences in the data. At the basic level, two 

sequences may differ in terms of the presence or absence of states or the distribution 

of states within each sequence, that is, the total time spent in each state. However, 

dissimilarity measured at this level does not account for how sequences differ 

longitudinally.  
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Studer and Ritschard (2016) identified three dimensions on which two sequences 

may differ longitudinally, namely, spell duration (length of time spent in the same 

state), timing (time at which each state appears), and sequencing (the order of 

distinct successive states). Figure 3.3 sourced from Studer and Ritschard (2014 pg. 6)  

illustrates these dimensions in relation to the fundamental differences in state and 

distribution using 8 different sequences. For instance, two sequences can have the 

same states present in the sequence and distribution (the number of unique states) 

but differ in spell duration for example white state has a duration of 1 unit of time in 

the first sequence and a duration of two units of time in the second. Therefore, we 

can conclude that there are two dimensions in which two sequences will always 

differ, namely, timing and spell duration and therefore are important when 

calculating pairwise distance or dissimilarity between sequences. 

 

Figure 3.3: Illustrations of how sequences differ across the three main aspects. The 
image was reproduced from Studer and Ritschard (2014 pg. 6) with permission. ‘=’ 
sign indicates similarity in a row and column characteristics. 

The different measures of dissimilarity or distance are sensitive to each of the three 

aspects with varying degrees, as discussed in Studer and Ritschard (2016). Therefore, 

the choice of a measure depends on which aspect a researcher wants to focus on. 

Regarding utilisation trajectories, the duration of spells in a distinct utilisation state 

and timing of states are known to matter. Differences attributable to spell duration 

are important to objectively identify phenomena such as persistent frequent use 

(Kanzaria et al., 2017). While, differences attributable to timing are important to 

identify the occurrence of interesting events such as a spike in utilisation or lack of 

that may signify insufficiencies (Le Meur et al., 2015). The sequencing of utilisation 
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trajectories is largely given as an individual’s utilisation cannot move backwards or 

skip a step. 

The pattern searching step involves running cluster analysis with different measures 

of dissimilarity and comparing the cluster quality to determine whether differences 

in timing or spell duration structure the trajectories. The final solution is selected 

based on the performance of the cluster analysis in identifying groups that are 

relatively homogenous and different from other groups as well as subjectively by 

examining the final cluster profile. The pattern searching steps are described in more 

detail in the sections that follow. 

3.3.3.1 Distance/Dissimilarity Measures 

Following Studer and Ritschard (2016), the longest common subsequence (LCS) 

distance measure and optimal matching between sequences of spells (OMspell) 

dissimilarity measure are sensitive to spell duration, while Hamming distance (HAM) 

is sensitive to timing.  

I. Longest Common Subsequence (LCS) 

The longest common subsequence is a dissimilarity measure that computes pairwise 

dissimilarities as the number of elements in a sequence uniquely matched with 

elements occurring in the same order in the other sequence. Determining the longest 

common subsequence problem is solvable using dynamic programming approaches 

due to its optimal structure. The longest common subsequence to sequences Xi and 

Yi  is determined by the function in equation 1 summarised from Bergroth et al. 

(2000): 

LCS(Xi, Yi) = {

∅                                                                 if i = 0 or j = 0,

LCS(Xi−1, Yj−1) ∧ xi                                        if i, j > 0 and xi = yi

max{LCS(Xi , Yj−1), LCS(Xi−1, Yj)}          if j > 0 and xi ≠ yi

  (1) 

  

For sequences Xi and Yi, each element xi and yi is compared. If they are equal, the 

sequences LCS(Xi−1, Yj−1) is extended by that element, otherwise, if they are not 
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equal, then the longer sequence is retained, or both are retained if they are of 

different lengths. 

From Elzinga (2008), the distance between two sequences based on the longest 

common subsequence is given by: 

 𝑑𝐿𝐶𝑆(x, y) = 𝐴𝐿(x, x) + 𝐴𝐿(y, y) − 2 ∙ 𝐴𝐿(x, y),  (2) 

 

 
where: 
𝐴𝐿(x, x) and 𝐴𝐿(y, y) are the length of sequences x, y respectively, and  
𝐴𝐿(x, y) is the length of the longest common subsequence of x and y 
determined by the function summarised in equation 1 above. 

 

II. Optimal Matching between Sequences of Spells (OMspell) 

Optimal matching between sequences of spells is a variant of the optimal matching 

dissimilarity measure. It was developed to account for context-sensitive 

dissimilarities by measuring local differences between spells or edit distances (Studer 

& Ritschard, 2016).  

A general example from Studer and Ritschard (2014) is such that given sequence x =

(a, a, c, b, c) and another sequence y = (a, c, b, b, b) and an insertion/deletion cost 

of 1 and substitution costs of 2, the pairwise dissimilarity measure is given as: 

Table 3.2: Example of Optimal Matching Distance 

Calculation between Two Sequences  

Operation Intermediate State  Cost 

Sequence x AACBC  = 0 

Delete A ACBC +1 = 1 
- ACBC  = 1 
- ACBC  = 1 
Insert B ACBBC +1 = 2 
Substitute c -> b ACBBB +2 = 4 

Sequence y ACBBB  = 4 

 

However, the traditional optimal matching has known limitations to do with 

transformations, not considering the local context. The optimal matching operations 

are independently applied to each element in the sequence, regardless of its 
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surrounding context. For instance, the deletion of A in the sequence x  and an 

insertion of B were weighed equally. However, in the first case, the deletion of A 

shifts Sequence x to the left affecting the time spent in state A, while the insertion of 

b affects both sequencing and time spent in B. 

Optimal matching between sequences of spells is among the attempts at overcoming 

the limitations of context-sensitive dissimilarities (Studer & Ritschard, 2014). Optimal 

matching between sequences of spells considers each spell of states as a distinct 

state. The algorithm subsets sequences such that, for each value of the spell length 

t, a spell in a state a, during t units of time, is a distinct element at. In this instance, 

the cost of inserting or deleting (indel) a spell cI
S(), is the cost of compression or 

extending spells of the same state at defined as: 

 cI
S(at) = cI(a) +  δ. (t − 1),  (3) 

 

 
where: 
δ ≥ 0 is the cost of extending or compressing a sequence by one unit of 
time, 
cI(a) is the assigned cost of inserting or deleting a state. 

 

The parameter δ  allows OMspell dissimilarity metric, to cover a large mix of 

sensitivities by controlling the trade-off between the various dimensions more so 

spell duration (Studer & Ritschard, 2016). For instance, a higher expansion cost 

emphasises small differences in spell duration while a lower cost ignores spell 

durations. An expansion cost of 0.5 considers the square root of spell lengths, making 

it sensitive to small time differences. In relation to edit costs, insertions, or deletions 

(indel) are favoured when the cost of expansion or compression of a sequence is less 

than the indel cost of the spell. 

The cost of substituting spell (at1) into another (bt2) is defined as: 

 γS(at1, bt2) = {
δ. |t1 − t2|,  if a = b

γ(a, b) + δ. (t1 + t2 − 2),  otherwise
 ,  (4) 

 
 
where γ(a, b) is the assigned cost of substituting state a for b. 
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Indel/Substitution Cost Setting  

The choice of performing either indel or substitution operations on the constituting 

elements when matching two sequences a and b depends on the ratio between indel 

and substitution costs (Studer & Ritschard, 2016). On the one hand, when higher 

insertion/deletion costs are set compared to substitution costs; the algorithm 

emphasises the differences attributable to timing of states. On the other hand, when 

lower indel costs are set, the algorithm emphasises the differences attributable to 

the distribution of states (Aisenbrey & Fasang, 2010). A single insertion/deletion cost 

is often used irrespective of the inserted or deleted state to prevent penalising less 

frequent states, which is the general strategy for setting state-dependent indel costs. 

Setting a single state-independent substitution cost set to 2 has the same effect as 

data-driven in the absence of a theoretical cost justification. 

III. Hamming Distance 

Hamming distance measures the dissimilarity between two sequences as the number 

of positions with non-matching states. Thus, this position-wise measure is very 

sensitive to differences attributable to timing. Hamming distance is equivalent to 

optimal matching with all substitution costs equal to one and no indels (Studer & 

Ritschard, 2014). Table 3.3 illustrates the hamming distance between the two 

sequences from the previous example.  

Table 3.3: Example of Hamming Distance Calculation between Two Sequences 

Sequence x A A C B C  
Sequence y A C B B B  
Cost 0 1 1 0 1 Hamming Distance = 3 

 

Similar to the Longest Common Subsequence distance measure, Hamming distance 

can be generalised as an edit distance by setting all substitution costs equal to one 

and no insertion/deletion costs (Studer & Ritschard, 2016).  

The pairwise distance and or dissimilarity measures are computed for the entire 

sample of sequences producing a dissimilarity matrix. The dissimilarity matrix is used 
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to cluster the sequences and to identify unique patterns according to care 

consumption. 

3.3.3.2 Clustering Sequences 

A clustering algorithm is required to identify the recurrent patterns from sequences 

of utilisation trajectories. Identifying patterns is achieved by grouping similar 

sequences into types that are as homogenous as possible and as different as possible 

from one another. The metric distances or dissimilarities calculated by the measures 

discussed previously are used as the similarity parameter.  

Clustering is an exploratory tool based on a simplification of the data, which runs the 

risk of an unjustified simplification that produces types that are not homogenous 

enough or are not distinctly separated from one another (Studer, 2013). Therefore, 

to ensure credible results, three main stages of clustering sequences have been 

identified as follows: 

• Clustering of sequences 

• Assessing the quality of the clustering 

3.3.3.2.1 Clustering of Sequences 

Following Kaufman and Rousseeuw (2009), there are two main kinds of clustering 

algorithms: hierarchical clustering and partitioning clustering algorithms. 

1. Hierarchical Clustering 

Hierarchical clustering is a suite of algorithms aim to build a hierarchy of clusters 

using agglomerative approaches that start with each sequence as a cluster, pairs of 

clusters are merged based on their similarity iteratively up the hierarchy. 

Alternatively, clusters can be built using a top-down approach where all sequences 

start as one cluster and are split recursively down the hierarchy. There are about 

eight different hierarchical algorithms which are detailed in Kaufman and Rousseeuw 

(2009). However, only average, centroid, ward methods provide an allowance for 

weightings used to reduce the computational requirements of analysing many 
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sequences. The predefined costs and distance or dissimilarity measures also 

influence criterion selection to perform agglomerative hierarchical clustering (Roux 

et al., 2018). Dlouhy and Biemann (2015) noted that using centroid linkage for 

clustering had poor performance when using a dissimilarity matrix derived using 

optimal matching. Therefore, average linkage clustering and ward linkage clustering 

are recommended when performing hierarchical clustering. Table 3.4 summarises 

these two methods. 

Table 3.4: Description of the Mathematical Equations for each Clustering Method 

Name Description Formula (at each stage merge clusters with a 
minimum:) 

Average 
linkage 
clustering 

Combines two 
clusters based on the 
minimum average 
similarity of all 
sequences in one 
cluster and all 
sequences in the 
other. Tends to 
produce clusters with 
small within-cluster 
variation. 
 

   

 D(A, B) =
TAB

(NA ∗ NB)
   (5) 

   
TABis the sum of all pairwise distance 
between cluster A and B. 
Nx are the cluster sizes 

Ward Combines two 
clusters that 
minimise the total 
within-cluster 
variance measured as 
the sum of squares. 
Tends to produce 
balanced clusters. 

 

   

 D(A, B) = √
2. |NA|. |NB|

|NA| + |NB|
 . ∥ x̅ − y̅ ∥  (6) 

   

 

The main strength of hierarchical clustering is generating a complete set of cluster 

solutions that renders a comprehensive description of the entire range of groups that 

may exist in the data. The step-by-step procedure in hierarchical clustering reduces 

computation time and aids in deciding the number of groups that exist in the data by 

comparing the solutions. However, its strength also contributes to its key drawback. 

Due to its systematic clustering procedure, the algorithm minimises the local 
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criterion, which may not hold globally; this is compounded by its inability to correct 

erroneous decisions leading to artificial results (Studer, 2013).  

2. Partitioning Clustering Algorithms 

Partitioning algorithm follows a different logic that aims to identify the k  best 

representatives of groups by minimising the weighted sum of distances from a point 

designated as the centre of that cluster either as centroid as in K-means or as a 

medoid as in K-medoids or partitioning around medoids (PAM). A centroid is defined 

as the average between points in the cluster, while a medoid is defined as data points 

with the smallest weighted sum of distances from the other sequences in the group 

(Studer, 2013). K-means has been reported to have poor performance when 

clustering sequences based on a dissimilarity measure (Dlouhy & Biemann, 2015). On 

the other hand, PAM is a robust partitioning method that considers the weightings 

of aggregated observations. Unlike other partitioning methods like k-means, the 

cluster solutions do not depend on the order in which the objects are presented 

(Kaufman & Rousseeuw, 2009 p. 117). From Kaufman and Rousseeuw (2009 p. 109) 

PAM can be solved as an optimisation problem as: 

 

𝑚𝑖𝑛𝑖𝑚𝑖𝑠𝑒 ∑ ∑ 𝑑(𝑖, 𝑗)𝑧𝑖𝑗
𝑛
𝑗=1

𝑛
𝑖=1 , 

where 𝑑(𝑖, 𝑗) is the dissimilarity measure between two observations 𝑖 
and 𝑗. 

(7) 

   
 Subject to:  

 ∑ 𝑧𝑖𝑗 = 1,   𝑗 = 1, 2, . . , 𝑛
𝑛

𝑖=1
 (8) 

 𝑧𝑖𝑗 ≤ 𝑦𝑖, 𝑖, 𝑗 = 1,2, . . , 𝑛 (9) 

 ∑ 𝑦𝑖 = 𝑘, 𝑘 = number of clusters
𝑛

𝑖=1
 (10) 

 𝑦𝑖, 𝑧𝑖𝑗  ∈  {0, 1}, 𝑖, 𝑗 = 1, 2, . . , 𝑛 (11) 

   

The solution depends on first, the selection of observations as medoids in clusters: 

𝑦𝑖 is equal to one if and only if observation 𝑖 is selected as a medoid. The second 

decision is the assignment of each observation to one of the selected representative 

objects: 𝑧𝑖𝑗 is equal to one if object 𝑗 is assigned to a cluster in which 𝑖 is a medoid. 
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However, the algorithm may fail to select an optimal choice of initial medoids that is 

representative of the underlying data structure. Additionally, determining the 

number and size of groups can be computationally expensive, making it inefficient 

when determining an appropriate cluster solution from many potential solutions. 

Thus, the two algorithms can be combined successively to leverage the strengths and 

weaknesses of each.  

The PAM algorithm optimises the global criterion by using the entire data rather than 

sets of clusters to determine the optimum solution. However, its performance is 

based on the initial choice of medoids, which is not always optimal and different 

medoids usually give different solutions. To overcome this limitation, hierarchical 

clustering procedures can be used to initialise the PAM algorithm. The hierarchical 

clustering generates the complete set of cluster solutions used to determine the 

appropriate number of clusters and initialised the PAM algorithm to find the best 

clustering for the number of groups determined from the hierarchical solution (Hair 

et al., 2010 p. 446). 

The literature recommends undertaking several types of cluster analysis varying the 

clustering algorithms and the number of groups when priori arguments may not 

suffice to narrow down the choice to a single method (Kaufman & Rousseeuw, 2009). 

Therefore, it is recommended to run several algorithms on the same data and 

carefully analyse and compare the resulting classifications. Therefore, the choice 

among these solutions is based on the quality of the final clustering solutions. Several 

quality measures provide a basis for comparing the different solutions to assist in 

selecting the final solution. These measures of quality are discussed in the following 

section. 

3.3.3.2.2 Assessing the Quality of Clustering Outcome 

Cluster analysis is an exploratory tool; therefore, clusters are formed regardless of 

the data's underlying structure. Therefore, cluster analysis is an iterative process in 

which variations including data, clustering method and profiles are tested to ensure 

the outcome's robustness. Assessing the quality of clustering outcome aims to help 
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select the optimal number of clusters and the best clustering solution (Studer, 2013). 

Assessing the quality of clustering solutions also ensures the credibility of the 

identified patterns. The following criteria can be used to assess the clustering 

outcome: 

• Internal validity: assesses the fit between the cluster structure and the data. 

• Cluster Profile: assesses the interpretability and external validity of the 

clustering outcome. 

These two criteria are further discussed in the sections that follow. 

I. Internal Validity 

Internal validity refers to cluster quality assessed by the fit between the cluster 

structure and data. Clustering aims to obtain groups that are homogenous enough 

and are clearly separated. Internal validity gives an idea of the statistical quality of 

the clustering outcome by generating indexes that assess the heterogeneity within-

group and the distances between groups. Two approaches have been proposed in 

line with previous literature: the weighted average silhouette width (ASWw) and 

Hubert’s C index (Roux et al., 2018). These indexes are stated to be essential to 

validate the cluster analysis results to ensure a credible solution (Studer, 2013). 

The average silhouette width measures the clusters' overall consistency by 

measuring the average similarity of each observation to its cluster relative to its 

similarity to the nearest neighbour (Kaufman & Rousseeuw, 2009). Weighted average 

silhouette width corrects for sample representativeness when aggregating identical 

sequences to reduce computing time and memory use. The weighted average 

silhouette width si is computed by comparing the average weighted distance awi of 

an observation i with the other members of its group and the average weighted 

distance from the closest group bi (Studer, 2013). 

 si =  
bi − awi

max(awi, bi)
 ,  (12) 

given:  

 awi =  
1

Wk
∑ wjdij

j∈k

,  (13) 



83 

and  

 bi = min
ℓ

1

Wℓ
∑ wjdij

j∈ℓ

 ,  (14) 

where:  
k is the cluster of observation i,  
Wk is the sum of weightings of observations in cluster k, and 
wi is the weight of observation i, and ℓ is one of the other clusters. 
 

Average silhouette width (ASWw) measure ranges from -1 to 1 with high values 

indicating that a strong structure was identified. Table 3.5 summarises the orders of 

magnitude for interpreting the weighted average silhouette width measure based on 

(Kaufman & Rousseeuw, 2009) recommendations.  

Table 3.5: ASWw Orders of Magnitude for Assessing the Quality of the Clustering 
Solution 

ASWw Proposed Interpretation 

0.71 - 1.00 Strong structure identified 
0.51 - 0.70 Reasonable structure identified 
0.26 - 0.50 Weak or Artificial structure identified 
≤ 0.25 No Structure 

 

The Hubert's C index compares the obtained clustering outcome with the best 

clustering outcome that could be obtained with this number of groups and the given 

distance matrix. From Studer (2013), Hubert’s C index is defined as follows: 

 Cindex =  
S − Smin

Smax −  Smin
 ,  (15) 

where:  
S = sum of within-group distances,  
Smin = sum of the smallest distances, and  
Smax = sum of the greatest distances. 

The maximisation of the weighted average silhouette width and minimisation of 

Hubert’s C index allows for the selection of the optimal number of clusters. These 

measures of quality also facilitate the choice of the best cluster outcome among a 

set of possibilities. These two functions can be weighted by the product of the 

weights of each observation. The index ranges between zero and one with values 

close to zero, indicating a good clustering outcome.  
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However, satisfying these statistical measures alone does not ensure that the 

outcome is meaningful or practical. Assessing the cluster profile further validates the 

credibility of the results of the sequence analysis achieved using clustering. These 

measures are discussed in the next section. 

II. Cluster Profiling 

Profiling of the clusters ensures the external validity of the cluster solution. External 

validity is measured by matching a cluster structure to exogenous information (Yan 

et al., 2018). Data not previously used in the clustering procedure is used to describe 

each cluster's characteristics to determine if the clusters differ significantly from each 

other or identify variables that could predict cluster membership. External validity 

can also be obtained by the generalisability of clusters to new features that is how 

well clusters can predict attributes not used in the clustering.  

Other conditions that assure the relevance of a clustering outcome are that the 

outcome must be generalisable to other observation outside the current sample, and 

the outcome should be grounded by a theory of the domain analysed. Cross-

validation is the most direct approach to assure that the cluster solution is 

representative of the general population and is stable over time (Hair et al., 2010 p. 

449). Lastly, good clusters should fit into a theory that explains phenomena or makes 

predictions of new conditions (Studer, 2013). In this case, the clusters should extend 

discussions on patterns of use in previous literature and should be actionable 

whereby each pattern of use is easily addressed and targeted with distinctive health 

strategies. 

3.3.4 Sequence Representation 

Sequence representation refers to sequence visualisation methods used to examine 

and describe sequence data visually. Sequence representation is useful for conveying 

information about the qualitative sequence patterns, which answers the question 

‘‘what’’ the sequence patterns mean substantively, by visualising variation within 

and between sequences (Fasang & Liao, 2014). There are comprehensive options of 
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graphical displays that describe and communicate the results of the pattern 

searching. 

3.3.4.1 Index Plot  

The index plot, such as summarised in Figure 3.4, displays individual-level 

information on the sequencing of states that allows the entire longitudinal 

succession of states for each individual to be visualised at the same time (Gabadinho 

et al., 2011).  

 

Figure 3.4 Example of a sequence index plot using the HES data extract. Sequences 
ordered by timing of states. 

The x-axis on an index plot represents the order in sequences, ordered in time while 

the y-axis represents unique sequence id, subjectively ordered. Index plots allow one 

to view all sequences sorted by a given criteria as illustrated. However, when dealing 

with large sample sizes, index plots suffer over-plotting. For instance, less frequent 
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sequences such as those with long periods of super use are hardly visible in Figure 

3.4.  

Thus, When plotting large sample sizes, multiple observations share the same space 

stacked on top of each other, making the individual sequences less discernible 

(Piccarreta & Lior, 2010). Hence, sequence index plots provide inference more 

specifically on qualitative sequence patterns within relatively homogenous sets of 

sequences and therefore more suitable for illustrating the clustering results. 

3.3.4.2 Sequence Frequency Plots 

Given the limitations of index plots, sequence frequency plots are more useful in 

addressing over-plotting (Müller et al., 2008). The sequence frequency plot displays 

the most frequent sequences with a horizontal stack bar of the successive states 

ordered bottom-up in decreasing order of their frequencies (Gabadinho et al., 2011). 

For instance, in Figure 3.5 we have a sequence frequency plot showing the most 

frequent sequences in the data. However, sequence frequency plots are informative 

when few distinct sequences represent significant parts of the sample and provide 

only a partial view of the many distinct sequences (Gabadinho et al., 2009). From 

Figure 3.5 we find that slightly more than half (54.8%) of the 13, 131 sequences are 

represented by the frequent sequences. Therefore, sequence frequency plots may 

overestimating heterogeneity when the sequences' empirical distribution has more 

similar sequences than identical sequences (Fasang & Liao, 2014). 
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Figure 3.5 Example of sequence frequency plot using the HES data extract. We can 
see that there most frequent sequences only captured 54.8% of the sequences. 

3.3.4.3 Representative Sequence 

Similar to frequency plots, representative sequence plots extract subsets of 

sequences representing a whole set of sequences based on a representative score 

measured by the neighbourhood density criteria detailed in Gabadinho et al. (2009). 

The algorithm first creates a candidate list by selecting unique sequences appearing 

in the data ordered by selected criteria of representativeness. It eliminates 

redundant sequences identified as those similar to one in the candidate list or close 

to the threshold for redundancy: defined as the proportion of the maximum distance 

between two sequences (Fasang & Liao, 2014). Another advantage of plotting 

representative sequences is the plotting of outlier sequences. Outlier sequences are 

commonly defined as sequences that are 2.5 times the pseudo standard deviation 

from the selected representative scores.  
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From Figure 3.6, we see a much clearer visualisation of the representative sequences 

as compared to the frequency plot illustrated previously. However, representative 

sequence plots run the risk of underestimating the heterogeneity when the 

sequences have more similar sequences. From the figure we see that the 

representative sequences only capture 38.9% of the 13,131 sequences. Therefore, 

these plots are useful when comparing sequences between groups assumed to be 

relatively homogenous. 

 

Figure 3.6 Example of representative sequence plot using HES data extract. 

3.3.4.4 Chronogram 

Chronogram or state distribution plot summarises sequence data by aggregating 

each state's frequency at each time point. This modal state plot visualises the most 

frequent state at each time point with the bar plot's height representing the 

frequency of the representative state. For instance, Figure 3.7 illustrates a state 

distribution plot or chronogram, where we see how the state distribution changes 

over time for all sequences. 
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Figure 3.7 Example of state distribution plot or chronogram plot using HES data 
extract. 

3.3.5 Analysis Software 

All computational and statistical analysis can be performed on R software (R Core 

Team, 2017) or Stata version 16 (StataCorp, 2016). In R more specifically, sequence 

analysis and clustering are available using the TraMineR library version 2.0-11.1 

(Ritschard et al., 2013), WeightedCluster library version: 1.4 (Studer, 2013) 

respectively. Additionally, the ColorBrewer v2.0 application (Brewer, 200x) generates 

colour blind safe colours that can generate sequential or diverging colour palette to 

reflect some directionality in the categorical alphabet of sequence states. 
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3.4 Summary of Research Design 

Previous literature has identified the need to examine long-term patterns of 

utilisation to distinguish between different patterns of use and identify patients with 

similar patterns of health care service use to tailor additional or alternative services 

based on the patient profile or need. In this chapter, we identified and discussed 

previous studies' methodological limitations in examining patterns in longitudinal 

health care service utilisation. We found that previous measurement of longitudinal 

patterns of use masked the heterogeneity in the evolution of health care service 

utilisation and misclassified temporary emergency department users. We also noted 

the drawback of event-based methodologies in analysing patterns in longitudinal 

health care service utilisation. To this effect, we propose that taking the whole 

sequence approach using sequence analysis to determine measurable and 

identifiable differences in longitudinal patterns of use.  

The chapter outlined the modelling framework to provide an updated reference 

process and recommendations regarding the use of state sequence analysis for 

identifying and characterising patterns of health care service use. Figure 3.8 shows 

how these three steps are interlinked. For the most part, the steps are sequential, 

meaning that the output result of a step is used as the input of the following steps. 

However, the pattern searching step follows an iteration that aims to obtain the best 

possible result from a set of results obtained from altering the dissimilarity and or 

distance measures and the associated parameters.  

The framework first identifies appropriate data sources that capture patient 

trajectories over time. Next, the analytical modelling approach using state sequence 

analysis follows as a series of steps needed to build sequences and identify recurrent 

patterns. Here, the methodology adds new steps when compared to that proposed 

by Roux et al. (2018) that would assure the robustness of the final outcome. The 

subsequent chapters illustrate this proposed methodological framework on real-

world data to identify and characterise longitudinal patterns of emergency 

department use among older patients identified as frequent users.  
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Figure 3.8: Proposed methodological framework for identifying and characterising longitudinal patterns of health care service use. 
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CHAPTER 4: DATA AND METHODS 

4.1 Introduction 

The research design chapter details the methodological framework for extracting 

patterns of use from longitudinal sequence data. We apply this methodology to 

identify and characterise emergency department use patterns among older frequent 

users using massive hospital administrative data. Therefore, this is was a 

retrospective, cross‐sectional analysis of older frequent emergency department 

users in the Midlands region in England.  

In this chapter we discuss the application of the analytical modelling approach 

outlined in the Research Design Chapter. The first section provides a data profile of 

the Hospital Episode Statistics database and the datasets of interest: Accident and 

Emergency and Admitted Patient Care datasets. This section also goes through the 

data pre-processing steps to transform raw transactional hospital administrative 

data to well-formed data sets that assure sufficient data quality for analysis.  

The second section covers the second step in the analytical approach, where we 

translate the observed utilisation trajectories into individual-level utilisation 

sequences. The third section references the third step in the Research Design Chapter 

on mearing pairwise distances between sequences and using this as the basis for 

clustering sequences into distinct groups based on the prevalent patterns. The four 

and fifth sections discuss the approach for characterising the identified pattern of 

use and examining the main drivers for the patterns of use, which answers the 

related research questions while providing validity for the state sequence analysis 

outcome.  

4.2 Data Resource Profile 

Hospital Episode Statistics (HES) is a national administrative database that comprises 

all emergency department visit, inpatient, day case and outpatient department 

appointment records for all National Health Service (NHS) hospitals in England. This 
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data is released annually by NHS Digital, and there approximately 12 million records 

for each financial year from 1 April to 31 March the following year (Adeyemi et al., 

2013). The data is collected at the patient-level and includes clinical information on 

diagnosis and procedures, administrative information such as admission and 

discharge data, and standard demographic data. 

The Hospital Episode Statistics database shares similarities with other national 

administrative databases that have been used to study utilisation patterns in the 

literature. Administrative databases such as the Programme National de 

Médicalisation des Systèmes d’Information (PMSI) in France and the Canadian 

Institute for Health Information (CIHI) databases (Le Meur et al., 2015; Moineddin et 

al., 2010; Roux et al., 2018). To our knowledge, this is the first attempt to utilise data 

from the Hospital Episode Statistics to analyse longitudinal health care service 

utilisation. 

The data publications of interest from the Hospital Episode Statistics database are 

the Accident and Emergency and Admitted Patient Care datasets. Hospital Episode 

Statistics Accident and Emergency (AE) data are collected on all emergency 

department visits to NHS hospitals in England from the financial year 1 April 2007/08 

to date. The key fields in the Accident and Emergency dataset are summarised in 

Appendix A.1. 

The Accident and Emergency data are structured according to financial years. Each 

row in the Accident and Emergency dataset indicates a single visit when a patient 

presents at the accident and emergency department and ends with provider disposal 

either as a hospital discharge with or without referrals or as an admission to hospital. 

Subsequent visits, such as follow-up care are recorded as a new row and can be 

distinguished in the dataset. The majority of emergency visits are for first visits and 

result in discharge with no further follow-up (Boyd et al., 2017 p. 18). Overall, 

approximately 160 variables describe a single visit by an individual to accident and 

emergency. The complete data dictionary is available at NHS Digital (2020). 
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Previous research has shown that the discharge disposition field in emergency 

department data is not reliable for measuring transition from the emergency 

department to inpatient care (Kuwornu et al., 2016b). Therefore, the linkage 

between the Accident and Emergency dataset and Admitted Patient Care dataset is 

required to get a full view of a patient transition into inpatient care and other 

admission outcomes such as length of stay and readmission. The Hospital Episode 

Statistic Admitted Patient Care (APC) are collected on all admission to NHS hospitals 

and admissions to independent sector providers paid for by the NHS (Herbert et al., 

2017). Admissions include emergency and planned admissions, and day cases. The 

key fields in the Admitted Patient Care dataset are summarised in Appendix A.2.  

The admitted patient care dataset is similarly structured according to financial years. 

However, unlike the Accident and Emergency dataset, each row indicates a Finished 

Consultant Episode representing a continuous period of care under one consultant. 

An individual patient may have several episodes that constitute a spell, representing 

an uninterrupted inpatient stay at one hospital. Consequently, a continuous inpatient 

spell must be defined to accurately measure a patient’s hospital stay, including 

transfers to other hospitals. Methods for merging Finished Consultant Episodes into 

Continuous Inpatient Spells following NHS Digital guidelines are available (Herbert et 

al., 2017). 

4.2.1 Study Cohort and Exclusion Criteria 

This retrospective longitudinal study examines hospital emergency department 

utilisation events of older adults across six years (1st April 2011 to 31st March 2017). 

An older emergency department user was defined as a patient aged 65 years or older 

consistent with the prevailing literature on health care service utilisation (Dufour et 

al., 2019; LaCalle & Rabin, 2010).  

The study cohort was limited to older patients identified as frequent emergency 

department users in the baseline year. There are various definitions for frequent 

emergency department use with some studies choosing three or more emergency 

department visits and others as many as 15 visits within a 12-month rolling period 
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(LaCalle & Rabin, 2010). ‘Four or more visits over a 12-month rolling period’ is the 

most commonly used definition for older frequent emergency department uses 

(Pines et al., 2011). Therefore, the analysis used four or more emergency department 

visits over a 12-month rolling period to identify older frequent emergency 

department users. 

The analysis censored the results for mortality, whereby older patients identified as 

frequent users, who died during the outcomes period, were not included in the 

analysis. Censoring for mortality avoids creating specific patterns of utilisation for 

patients who die within the observation period (Roux et al., 2018). Additionally, 

censoring for mortality reduces bias when measuring the association between 

covariates and longitudinal patterns of utilisation (Kanzaria et al., 2017). Patients 

who died outside the hospital within the observation period were not identifiable, a 

noted limitation of using Hospital Episode Statistics dataset not linked to the Office 

of National Statistics mortality dataset. 

The study obtained a regional extract of pseudonymised Accident and Emergency 

and Admitted Patient Care datasets. The East and West Midlands region's selection 

was to fulfil data minimisation requirements stipulated by the Independent Group 

Advising on the Release of Data (IGARD) and its diversity in terms of geography and 

demographics. The study observation period was selected as it lies in the range of 3 

to 9 year observation periods commonly used in longitudinal ageing studies 

(Zaslavsky et al., 2013). 

4.2.2 Ethical Approval 

NHS Digital provided the Hospital Episode Statistics database extracts through the 

online Data Access Request Service (DARS) (NHS Digital), DARS-NIC-32537-Y2H2L. 

The study also obtained approval from the Health Research Authority, IRAS 226681 

and the institutional Biomedical & Scientific Research Ethics Committee, REGO-2017-

2064. 
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4.2.3 Data Pre-Processing 

The datasets had data issues associated with raw clinical data. First, hospital 

administrative data is optimised for single-patient transactions; therefore, each 

service contact made by a patient was recorded as a single entry in the datasets. 

However, separate patient records can be linked using the system generated unique 

patient identifier. Second, the datasets also featured duplicated and missing data, 

the proportion of duplicated data making up less than 1% of the data. Similarly, the 

proportion of missing data was generally low, ranging from <1% for data fields such 

as timestamps for episode conclusion and treatment time and emergency activity 

codes to 21% for diagnosis fields. The following sections discuss the steps taken to 

identify missing, invalid, and duplicate data and their treatment and the linkage 

methodology. 

4.2.3.1 Duplicate Records 

The analysis identified duplicate records following NHS Digital data cleaning 

recommendations (Boyd et al., 2017). A record was flagged as a duplicate when 

identical data appeared in defined key fields. In accident and emergency data, the 

anonymised unique patient identifier and arrival date and time data fields are used 

as unique record identifiers. While in admitted patient care data records with the 

same anonymised unique patient identifier, episode start date and end date were 

identified as duplicates. The analysis retained the first record in the case of 

duplicates. 

4.2.3.2 Missing and Invalid Records 

Less than 1% (n = 67) of the emergency department visits had missing duration to 

departure. The duration to departure is a field required to calculate the discharge 

date in the Accident and Emergency dataset as: 

 AE discharge date =  ‘AE Arrival Date and Time’ +  ‘Duration to Departure’ (16) 
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In instances that had missing duration to departure, the departure time was derived 

from the earliest of the time to conclusion or treatment fields. Similarly, less than 1% 

of the visits were missing either the conclusion or treatment time. In this instance, 

the departure time was derived from the arrival time. The final function that 

calculates departure time is summarised in the equation that follows. 

dep

= {

max (time to conclusion, time to treatment),  (time to conclusion, time to treatment)! NA

 time to treatment,  (time to conclusion)isNA
time to arrvial,  (time to conclusion, time to treatment)isNA

 (17) 

  

The proportion of missing data was less than 1% (n = 9) for patient socio-economic 

characteristics such as the Index of Multiple Deprivation, rural/urban indicator and 

approximately 3% (n=370) for ethnicity. The missing data is assumed to be missing at 

random (MAR) from the pattern of missingness. 

The Index of Multiple Deprivation and the rural/urban indicator deduced from GP 

Practice and the code indicating the county of residence using multiple imputation 

method. The data did not have the data values required to impute ethnicity. 

Therefore, the analysis excluded cases with missing ethnicity list-wise. However, 

sensitivity analysis with and without the imputed data, provided in Appendix F.4, 

show no differences in the fit statistics.  

In the case where diagnosis, treatment and investigation fields were missing, it is not 

clear whether this was missing data or denoted that the given visit did not have a 

corresponding diagnosis, investigation and or treatment. In the study sample, 21% of 

the emergency department visits had missing primary diagnosis code while less than 

1% of the investigation and treatment codes were missing.  

Following O’Keeffe et al. (2018), missing accident and emergency activity codes were 

derived based on the diagnosis, treatment, and investigation variables' null values 

pattern. Therefore, where at least one treatment or investigation field was missing, 

the analysis interpreted these cases as no investigation or treatment where 

applicable and coded using the corresponding value in the NHS data dictionary. 
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Where all treatment and investigation variables were missing, the analysis treated 

these cases as missing variables.  In this case, less than 0.5% of the data (n=970) had 

the investigation and treatment codes missing. 

Planned emergency visits accounted for 4% of all emergency department visits, 

which were excluded from the analysis. Emergency department visits for patients 

classified as 'dead on arrival', which accounted for less than 0.5% of all emergency 

department visits, were also excluded from the analysis. 

4.2.3.3 Data linkage 

The linkage between the Accident and Emergency and Admitted Patient Care 

datasets were required to build a patient's utilisation trajectory that is the sequence 

of contacts with hospital service over time (Kuwornu et al., 2016b). Accident and 

Emergency and Admitted Patient Care records were linked using a matching 

algorithm based on the pseudonymised unique patient identifier (HESID), dates of 

discharge from the emergency departments and admission dates, and a set of criteria 

to fuzzy match conflicting records (NHS Digital, 2011).  

Three primary conditions link one Accident and Emergency record to one Admitted 

Patient Care record. These general conditions are: 

I. Matching unique patient identifier (HESID); 

II. Matching AE discharge date and APC admission date; and 

III. Admission episode order equals one. 

However, not all records achieve a one-to-one linkage. The following conditions exist 

that may link a patient record more than once: 

• One AE visit to many APC episodes: occurs when the data shows that a patient 

has more than one admission finished consultant episode linked to one 

Accident and Emergency record. 

• Many Accident and Emergency visits to one Admitted Patient Care episode: 

occurs when the data shows more than one Accident and Emergency record 
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with admission, but only one admission is found within the Admitted Patient 

Care data. 

• Many Accident and Emergency visits and many Admitted Patient Care 

episodes occur when the data shows multiple Accident and Emergency 

records with multiple admissions and multiple admissions.  

A fuzzy matching algorithm determines the best match between conflicting records 

based on whether they meet various specified identifiers. The algorithm is based on 

a scoring methodology that is utilised to identify the most reliable one-to-one link 

based on the type of Accident and Emergency discharge and Admitted Patient Care 

admission and the earliest of an Accident and Emergency visit or discharge. The 

conditions and corresponding scores are summarised in Appendix B. The most 

reliable of best linkage is flagged as the highest-scoring record. 

In summary, the data linkage follows the following steps: 

I. Records are linked based on matching unique patient ID and matching AE 

discharge date and APC admission date. If there are multiple admission 

episodes, the link is made with the first admission episode in the spell. 

II. When a patient is linked more than once, it signifies a conflict in the record 

linkage. The fuzzy matching algorithm is applied to these records to find the 

best possible match.  

Further, the analysis excluded overlapping episodes of care identified as records with 

a negative date difference between the current accident and emergency arrival date 

and the previous discharge date (Teichmann et al., 2010). 

4.3 Identification of States and Sequences 

Identification of sequences and states involves transforming a patient's utilisation 

trajectory into an ordered sequence of states by selecting a suitable study period and 

the time unit and defining the state alphabet.  



100 

Following previous literature, a 12-month window measure as 365-day intervals was 

used to count emergency department visits following each patient's first or index 

emergency department visit in the study baseline year (Lago et al., 2019). The 12-

month window is based on a patient-based timeline rather than a calendar year with 

each patient’s first visit serving as the reference point. Doupe et al. (2012) argued 

that utilising a patient-based timeline rather than the calendar year prevents 

misclassifications associated with the generic start and end dates and ensures that 

the emergency department visits are concurrent as illustrated in Figure 4.1. 

 

Figure 4.1: Schematic of the study period (six-year timeline) and time unit (a).  

The count of emergency department visits in each patient-year was transformed into 

a categorical variable representing the utilisation state in a given time. The discrete 

list of values that each state takes at a given time, also termed as the state alphabet, 

was derived from frequent use thresholds as defined in the literature (Neufeld et al., 

2016; Street et al., 2018). An additional state of 'No Visits' was included in the analysis 

to account for periods with no consumption. The final state alphabet with states 

reflecting the utilisation level at a given time is summarised in Table 4.1. 

Table 4.1: State Alphabet for Patient Utilisation Sequences 

State Description 

Regular use One to three emergency department visits in a patient-
year 

Frequent use 4 to 17 emergency visits in a patient-year 
Super use 18 or more emergency visits in a patient-year 
No Visits No emergency department visit in the patient-year 
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The overall sequence length was equal to the observation period, with six states 

representing the utilisation level each year. Defining triannual or semi-annual 

utilisation sequences by changing the time granularity to 90 days and 180 days 

respectively would increase sequence length to the recommended minimum of using 

sequences with at least 25 states (Dlouhy & Biemann, 2015). However, decreasing 

the time granularity also decreased the probability of variation in sequences. 

Therefore, the utilisation states' changes were less probable as most emergency 

department visits occurred less often than 90 days or 180 days. 

Finally, identical sequences were aggregated and given a high weighting following 

the procedure outlined in Studer (2013). Aggregating identical sequences was done 

to reduce the computation time and memory allocation required to run the 

dissimilarity and cluster analysis algorithms. 

4.4 Pattern Searching 

The analysis focused on dissimilarity metrics sensitive to timing and duration, as 

discussed in section 3.3.3 of the research design chapter. The distance metric, its 

sensitivity, and associated parameters are summarised for reference in Table 4.2. 

Table 4.2: Dissimilarity/Distance Metrics Included in the Analysis 

Distance Metric Tested Dimension Parameters 

LCS Duration Substitution cost = 2 
Indel cost =1 

Optimal 
Matching Spells 

Duration/Timing Substitution cost = 2 
Expansion cost = (0.5,1) 
Indel cost = (0.2,1,2) 

Hamming Timing Substitution cost = 1 
Indel cost = 0 

 

A cluster solution was obtained from each dissimilarity measure and cost setting to 

test the results' robustness. Agglomerative hierarchical clustering was conducted 

varying the average linkage and Ward’s criterion. The optimal number of clusters and 

the best clustering outcome were selected using quality parameters. The quality 
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measures include statistical measures of cluster coherence and the cluster profile 

assessment to check for interpretability and external validity of the clustering 

outcome. 

4.5 Visit Characteristics and Service Outcomes by Pattern of Utilisation 

The second aim of the analysis was to determine if differences could be detected in 

emergency department visit characteristics and hospital service outcomes among 

older frequent emergency department users stratified by their utilisation patterns 

over time. Characterising the patterns of utilisation among older frequent emergency 

department users provides information on the association between the patterns of 

use and visit characteristics, and health care service outcomes. 

Additionally, the external validity of the final clustering solution from the state 

sequence analysis is confirmed by matching the cluster structure to exogenous 

information (Yan et al., 2018). Variables in the analysis include emergency 

department visit characteristics and health care service outcomes described in the 

sections that follow. Pearson's Chi-squared test was used to test for equal counts of 

a categorical variable across categories. In contrast, differences between continuous 

variables across categories were assessed using Welch's ANOVA statistical test of 

means to relax the homogeneity of variance assumption (Welch, 1951). Pairwise 

multiple comparison test for mean differences was conducted using Dunnett's 

Modified Tukey-Kramer Pairwise Multiple Comparison Test for unequal sample sizes 

and no assumption of equal population variances (Dunnett, 1980). 

4.5.1 Clinical Profile and Visit Characteristics 

Service delivered in the emergency department was derived from the primary 

investigation and treatment codes. The primary diagnosis and treatment were 

summarised as they represent the most resource-intensive services for a given visit. 

The primary diagnosis, investigation and treatment codes followed coding from the 

NHS Digital Data Dictionary and are available in Appendix C. 
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Emergency department visit characteristics include the mode of arrival to the 

emergency department, which indicates the proportion of patients who arrived by 

ambulance. 

4.5.2 Hospital Service Outcomes 

Sinha et al. (2011) identified research outcome measures for effective emergency 

care delivery for older patients. These outcome measures can be used to characterise 

the subgroups of older frequent emergency department users by the pattern of 

utilisation include: 

• Hospital admission rate or emergency department conversion rate; 

• Emergency department re-visit rate; 

• Rate of non-urgent use; and 

• Length of inpatient stays or admission. 

The sections that follow describe the individual measurement of the service 

outcomes. The analysis reported the service outcomes as rates or averages where 

applicable to consider the denominator changes with time for each individual as 

recommended for data extracted from the Hospital Episode Statistics database 

(Lakhani et al., 2005).  

4.5.2.1 Emergency Department Conversion Rate 

The analysis measured the emergency department conversion rate as the number of 

emergency department visits that resulted in hospital admission. The conversion rate 

was the sum of the number of visits with corresponding hospital admission divided 

by the total number of emergency visits. 

4.5.2.2 Emergency Department Revisit Rate 

Hospital revisit or readmission rates among older patients measures both the quality 

of the health care service and as an indicator of issues withing the health system in 

meeting the needs of this population.  
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The analysis reported on all-cause unplanned emergency department revisit  rates at 

a series of periods after discharge (7, 30, 90, and 360 days) as recommended in the 

literature (Gray, 2001). The analysis calculated the rate as the number of 7, 30, or 90-

day revisits divided by the total number of emergency department visits.  

4.5.2.3 Rate of Non-urgent Use 

Non-urgent emergency department visits were identified following O’Keeffe et al. 

(2018). The authors defined non-urgent emergency visits as those investigated in the 

emergency department by urinalysis, dental investigation or no investigation, 

emergency department treatment by prescription, recording vital signs, dental 

treatment, or guidance, and discharged from care in the emergency department or 

referred to the general practitioner. The analysis calculated the rate of non-urgent 

use for each patient as the number of non-urgent visits divided by the total number 

of emergency department visits. 

4.5.2.4 Length of Inpatient Stay 

When admission is required, an integrated approach across admitted patient care 

and community settings provided by care pathways to older patients' emergency 

care should reduce the length of stay. More specifically, the state of being stranded 

in hospital (length of stay of greater than seven days) or super-stranded (extended 

length of stay of more than 21 days) negatively affects the quality of care provided 

and hospital performance (National Audit Office, 2016). 

The analysis measured the spell-based length of stay for emergency visits that had a 

subsequent hospital admission. The spell-based methodology for the length of stay 

calculation measures the time spent in a single service provider (Busby et al., 2017). 

Additionally, the methodology measured the number of visits that fell into the 

stranded and super stranded categories following the definition by the National 

Audit Office (2016). 
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4.6 Determinants of Emergency Department Utilisation Patterns 

The third aim of the analysis was to examine the conditions that determine the 

emergency department patterns of use among older frequent emergency 

department users. Table 4.3 summarises the selected observable patient 

characteristics in the baseline year that previous literature found to be associated 

with frequent emergency department use. In the literature, the percentage of visits 

that resulted in a hospital stay, and the number of emergency departments visited 

observed in the baseline year as a determinant of continuous persistent, frequent 

emergency department use (Kanzaria et al., 2017).  

Previous studies also found socio-demographic factors to be associated with 

frequent emergency department use (Neufeld et al., 2016; Robinson et al., 2013; 

Street et al., 2018). Socio-demographic factors available in the Hospital Episode 

Statistics included age, gender, ethnicity, the index of multiple deprivation decile 

groups, and a rural/urban indicator. The Index of Multiple Deprivation decile groups 

was derived from the overall ranking of the Lower Super Output Areas in England on 

the seven dimensions of deprivation. The rural/urban indicator described the nature 

of the Super Output Area in terms of its morphology and context. A detailed 

description and various variable manipulations performed are summarised in Table 

4.3. 

Univariate analysis of variance tested the determinants' effect on the groups to 

determine which determinants significantly differed. Multinomial logistic regression 

assessed the effect of the demographic, socio-economic characteristics, and baseline 

emergency department utilisation on emergency department utilisation patterns. 

  



106 

Table 4.3: Determinants for Emergency Department Patterns of Use 

Determinant Description 

Gender Male or Female 
Age (years) Age in the baseline year 
Ethnicity Groups The analysis computed the ethnicity groups from the 16-

point ethnicity variable provided in the HES dataset.  
The merged ethnicity groups were:  
White (British, Irish, and any other White background) 
Mixed (White and Black Caribbean mixed, White, and Black 
African, White, and Asian and any other mixed background)  
Asian (Indian, Pakistani, Bangladeshi, any other Asian 
background) 
Caribbean/African (Back, Back British and any other Black 
background) 
Chinese (other ethnic groups) 
Other Ethnic Background/Unknown 

Index of Multiple 
Deprivation (IMD) 
decile groups 

The HES provided index of multiple deprivation deciles 
groups using the overall index of multiple deprivation 
ranking with ten groups ranging from the most deprived to 
the least deprived percentiles and a group for the cases in 
which the variable was missing. 

Rural-Urban 
Indicator Groups 

The groups ranged from urban, town, village, and hamlet 
with context varying between sparse and less sparse 

Baseline 
Admission Rate 
Groups 

This variable measured how many emergency department 
visits ended up with admission in the baseline year. The 
variable was measured as a binary variable indicating 
whether < 50% of emergency department visits result in a 
hospital admission) or more than ≥ 50% of emergency 
department visits resulted in hospital admission. 

Baseline Number 
of Emergency 
Provider Groups 

The grouping was derived from the number of unique 
emergency providers with the variable taking two values: 
whether the patient visited one provider or more than one 
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4.7 Summary of Data and Methods 

The summary of the data and methods is presented in Table 4.4.  

Table 4.4: Summary of Data and Methods 

Research Question Methodology Data (Measurements) 

1a) What are the patterns of 
emergency department use 
exhibited by older frequent 
emergency department users 
over time? 

State Sequence 
Analysis and 
Cluster Analysis 

HES Data: six-year utilisation 
trajectories 

1b) What are the 
characteristics of subgroups 
of older frequent emergency 
department users based on 
their longitudinal patterns of 
use? 

Pearson’s Chi-
Squared Test of 
independence 
Dunnett's 
Modified Tukey-
Kramer Pairwise 
Multiple 
Comparison Test 

HES Data: Visit 
characteristics (arrival mode, 
time, and day of the week) 
and clinical characteristics 
(primary diagnosis, 
procedure, and treatment) 

Welch’s Anova: 
Continuous 
Variables 

HES Data: aggregated six-
year service outcomes (No. 
emergency department 
visits, providers, re-visit rate, 
admission, Los) 

1c) Which sociodemographic 
and baseline utilisation 
factors determine emergency 
department use patterns 
among older frequent 
emergency department 
users? 

Multinomial 
Logistic 
Regression 

HES Data: demographics 
(age and gender), socio-
economic (IMD and rurality 
indexes), baseline utilisation 
(admission rate, no. of 
emergency department 
providers) 
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CHAPTER 5: FINDINGS 

5.1 Introduction 

This chapter presents the result of the study identifying and characterising 

longitudinal patterns of emergency department utilisation of older frequent 

emergency department users using the methodological framework, Figure 3.8 

introduced in the Research Design chapter and data of a regional extract from 

Hospital Episode Statistics database. In this chapter, we provide a descriptive 

summary of the Hospital Episode Statistics data extract to show the generalisability 

of the data. Then we build utilisation sequences from the observed individual-level 

emergency department events across the six-year observation period. This is 

followed by identification of regularities in this utilisation sequences. In the end, we 

can determine and characterise subgroups of older frequent emergency department 

users with similar utilisation profiles were identified using State Sequence Analysis 

and Hierarchical Cluster Analysis. The findings illustrate the benefit of the outlined 

methodology in analysing longitudinal patterns of use. This chapter in answering the 

second and third part of the research questions assessed the differences in 

diagnostic, emergency department visit characteristic and service outcomes 

between the identified clusters of emergency care utilisation patterns of older 

frequent emergency department users.  

5.2 Data 

Data were extracted from the Hospital Episode Statistics, as previously described, 

and according to the Data Access Request Service (DARS). In the six-year observation 

period, from 1st April 2011 to 31st March 2017, 4,226,312 emergency department 

visits were recorded made by 1,440,276 older adults aged 65 years and above. A total 

of 618,060 emergency department visits were made by approximately 28% (n= 

394,186) of the total sample of older adults in the baseline year. Subsequently, 

13,131 people were identified as frequent emergency department users (individuals 

who had more than four visits to the emergency department per year). This subgroup 

made up 5% of older adults in the baseline year, who accounted for approximately 
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18.15% (n = 155,982) of all emergency department visits recorded in the observation 

period. This finding is in line with previous literature where up to 1 in 20 older adults 

is a frequent emergency department user but accounts for up to 28% of emergency 

department visits (Street et al., 2018). In line with the previous literature on data 

requirements for state sequence analysis, the final sample is sufficient for the 

analysis. It meets the minimum sample size required for State Sequence Analysis as 

discussed by Dlouhy and Biemann (2015). 

5.2.1 Socio-demographic Profile and Baseline Utilisation 

Figure 5.1 displays demographic characteristics of the sample of older frequent 

emergency department users. The majority of the sample is White (89.4%), female 

(55%) and aged between 65 and 74 years (39.6%). This finding contrasts with 

previous literature, whereby older frequent users were found more likely to be aged 

in the middle group of categories, between 75 and 84 years (Street et al., 2018). The 

majority live in the most deprived (14.6%) urban areas (79%). This finding is also in 

line with previous literature whereby the lowest income groups have higher odds of 

frequent emergency department use among older emergency department users 

(Doheny et al., 2019; Dufour et al., 2019). 
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Figure 5.1: Summary of socio-demographic profile of older frequent emergency department user identified in 2011, living in the 
Midlands region of England (HES 2011-2017).
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Figure 5.2 summarises the baseline hospital utilisation of the sample of older 

frequent emergency department users. The baseline utilisation data demonstrates 

that the majority of older frequent emergency department users had more than half 

of emergency visits that ended with a hospital admission. This finding is in line with 

previous literature where frequent use of emergency department use is associated 

with a high number of past hospital and admissions (Dufour et al., 2019). In addition, 

most of the older frequent emergency department users visited one emergency care 

provider in the baseline year. 

 

Figure 5.2: Baseline hospital service utilisation of older frequent emergency 
department user identified in 2011, living in the Midlands region of England (HES 
2011-2017). 

5.2.2 Clinical Profile 

The clinical descriptive data is summarised in Figure 5.3; the respective clinical codes 

from the NHS Data Dictionary can be found in Appendix C. The figure displays the 

primary diagnosis, investigation, and treatment representing at least 50% of the 

emergency department visits. The clinical profile remains stable over the observation 

period. In terms of diagnosis, of all emergency department visits by patients in the 

cohort, approximately 34% (n = 52,427) did not have a distinguishable illness coded 

as the primary diagnosis. About 22% of the patients had the primary emergency 

department diagnosis coded as "AE Diagnosis”, which is used when there is no 
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condition to be diagnosed, and 12% had the primary diagnosis as "Diagnosis not 

classifiable". Previous literature also found emergency department diagnoses for 

older patients are often coded by “Symptoms”, and its variants, which points to the 

difficulty in determining a precise diagnosis for older patients at the emergency 

department due to their complex needs (Rossille et al., 2008). Additionally, the 

heterogeneity of the frequent users' sample is consistent with previous provincial 

findings whereby no single illness was responsible for more than 10% of emergency 

department visits (Neufeld et al., 2016; Shen et al., 2018; Street et al., 2018). 

There was also heterogeneity in terms of the service used by older frequent 

emergency department users during the emergency department visit. From Figure 

5.3, the most frequently coded primary investigations were x-ray (29.7%) and 

electrocardiogram (11.5%) while 19.5% did not have a primary investigation. 

Simultaneously, the most frequent primary emergency department treatment was 

guidance and advice (36.9%). The literature on frequent use is yet to detail the 

specific services received in the emergency department (Pines et al., 2011). From this 

finding, we can determine that frequent use of the emergency department may be 

due to the ease of access to services such as imaging technology and laboratory 

services that are not available in community settings. 
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Figure 5.3: Common emergency department discharge diagnoses, investigation, and treatment of older frequent emergency 
department user identified in 2011, living in the Midlands region of England (HES 2011-2017). 
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5.2.3 Emergency Department Visit Characteristics 

Figure 5.4 presents the emergency department visit characteristics and the 

proportions in each category over the observation period. A higher percentage of 

older frequent emergency department users arrived at the emergency department 

by ambulance (66.9%), indicating high urgency in emergency need. A small 

proportion arrived overnight and on the weekend. 
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Figure 5.4: Emergency department arrival type over the 6-year observation period of older frequent emergency department user 
identified in 2011, living in the Midlands region of England (HES 2011-2017). 
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5.2.4 Emergency Department Service Outcomes 

Over the six-year observation period, older frequent emergency department users 

had approximately 11 emergency department visits on average made to 

approximately two emergency department providers. The sections that follow 

describe the individual measurement of the service outcomes from the data. Overall, 

the reported service outcomes demonstrated highly positive-skewed data indicating 

high heterogeneity in outcomes among older frequent emergency department users.  

5.2.4.1 Emergency Department Conversion Rate 

As previously described, the emergency department conversion rate is the number 

of emergency department visits that resulted in hospital admission. For each 

individual, it represents the sum of the number of visits over the six-year observation 

period that had corresponding hospital admission divided by the total number of 

emergency visits. 

From Figure 5.5, we find that most of the older frequent emergency department 

users had more than 50% of their emergency department visits end with a hospital 

admission. This finding is in line with previous literature that found older frequent 

emergency department users were more likely to be admitted to hospital (Street et 

al., 2018). 
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Figure 5.5: Distribution of hospital admission rate of older frequent emergency 
department user identified in 2011, living in the Midlands region of England (HES 
2011-2017). 

5.2.4.2 Length of inpatient stays 

From Figure 5.5, we find that on average, 50% of the emergency visits that occurred 

within the period ended with a hospital admission with a median length of stay of 

two days. More notably, 22% of the admissions had a length of stay longer than seven 

days, which falls in the strandedness range noted to have adverse health and service 

implications (Graf, 2006). 

5.2.4.3 Emergency Department Re-visit Rate 

As described previously, The analysis reported on all-cause re-visit rates as a series 

of periods of 7, 30, 90, and 360 days after discharge, as recommended in the 

literature (Gray, 2001). Figure 5.6 illustrates that overall, there is a low rate of 
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emergency department re-visits among older frequent emergency department users 

measured at 7, 30, 90 and 360 days after the initial visit. 
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Figure 5.6: Distribution of Revisit Rates of older frequent emergency department user identified in 2011, living in the Midlands region 
of England (HES 2011-2017).
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5.2.4.4 Rate of non-urgent use  

Non-urgent use is defined as visiting the emergency department to obtain healthcare 

that could be provided in a less acute setting, as described previously. In line with 

previous literature, there was a negligible number of visits identified as a non-urgent 

visit following the definition by O’Keeffe et al. (2018). 

 

Figure 5.7: Distribution of non-urgent emergency department visit rate of older 
frequent emergency department user identified in 2011, living in the Midlands region 
of England (HES 2011-2017). 

5.3 Identification of States and Sequences 

Patient trajectories were constructed over the six-year observation period. The 

number of visits per year summarised into four utilisation states, as discussed in 

section 3.3.2 of the Research Design chapter and derived in section 4.3 of the Data 

and Methods chapter. Table 5.1 describes the four utilisation states and the 
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corresponding abbreviations. The abbreviations aid in improving the readability of 

the sequences in graphs and text.  

Table 5.1: State Alphabet for Patient Utilisation Sequences 

State Abbreviation Description 

Regular use RU One to three emergency department visits in a 
patient-year 

Frequent 
use 

FU 4 to 17 emergency visits in a patient-year 

Super use SU 18 or more emergency visits in a patient-year 
No Visits NV No emergency department visit in the patient-year 

 

During the six-year observation period, the number of emergency department visits 

per year varied significantly among the sample of older frequent emergency 

department users. There were 13,131 sequences of the individual patient 

trajectories. The aggregation of the sequences obtained 378 unique sequences 

among the 13,131 utilisation trajectories. 

5.3.1 Qualitative Sequence Plots  

Figure 5.8 summarises the qualitative sequence information using the sequence 

index plot and the sequence frequency plot. The sequence index plot displays the 

individual-level data on the sequencing of the states, sorted according to the timing 

of frequent use. The index plot, ordered by the timing of frequent-use state, 

illustrates that the majority of older frequent emergency department users had long 

periods of no use and or regular use following the initial period of frequent use.  

The sequence frequency plot also confirms this observation. The plot displays the 

most frequent sequences ordered in decreasing order of their frequencies. The ten 

most frequent utilisation trajectories characterised 54.8% of the sequences. The 

most frequent utilisation trajectory in the dataset (25.5%) was frequent use, followed 

by no visits (frequent use at index- no visits for five time period), which appeared 

3,352 times. The second most frequent utilisation trajectory (10.3%) was a period of 

regular use after the initial period of frequent use followed by no visits (frequent use 

at index-regular use for one time period-no visits for four time periods). No single 
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utilisation trajectory's frequency accounted for more than half of the overall 

utilisation trajectory, demonstrating the utilisation trajectories' heterogeneity. 
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Figure 5.8: Qualitative representation of utilisation trajectories of older frequent emergency department users identified in 2011 living 
in the Midlands region of England (HES 2011-2017).
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5.3.2 Quantitative Sequence Plots 

Figure 5.9 shows the data summary graphs of quantitative sequence information of 

the patient utilisation trajectories. The state distribution plot summarised the 

aggregate frequency of each state at each time point. From the distribution plot, we 

summarise that the majority of older frequent emergency department users have 

short-term patterns of frequent emergency department use. Only a small number of 

older frequent emergency department users remained as frequent users or super 

users across the six-year observation period.  

The modal state plots also support this observation, where the recurrent state after 

the initial period of frequent use is no visits. The histogram of mean time spent in 

each state, calculated as a count of the number of times a state occurs, similarly 

shows that older frequent emergency department users' utilisation was 

characterised by long periods of no visits with few older frequent emergency 

department users who persistently use the emergency department over a long 

period. Lastly, the traversal entropy plot showed low diversity of state in the pathway 

sequences at the start of the period which peaks in the second year due to differing 

utilisation patterns and decreases at the end of the considered period due to attrition 

of regular, frequent, and super use states.  
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Figure 5.9: Representation of utilisation trajectories of older frequent emergency department users identified in 2011 living in the 
Midlands region of England (HES 2011-2017).
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5.4 Pattern Searching 

To answer the first part of the research question: What are the patterns of 

emergency department use exhibited by older frequent emergency department 

users over time? This section describes the groups of utilisation histories that 

emerged from the sequence analysis. As discussed in section 3.3.3 of the Research 

Design chapter, different metrics were used in the pairwise comparison to reach a 

consistent and converging result. The robustness of the final solution to the 

dissimilarity or distance matrix was checked by comparing the results of cluster 

solutions obtained by longest common subsequence, second-generation optimal 

matching of spells with varying cost settings and hamming distance measures. The 

final model was selected following this iterative process, varying the dissimilarly and 

distance measures sensitive to the duration and timing aspects of the sequences 

based on internal and external validity, and interpretability of the clusters. 

The results from each of the pattern searching algorithms are detailed in Appendix 

D. The most interesting finding of the comparison is the resemblance between the 

sequencing algorithms. Figure 5.10 shows the weighted average silhouette width 

(ASWw, higher is better) for the different solutions using the distance/dissimilarity 

matrices obtained from the selected dissimilarity/distance measure. For both the 

Longest Common Subsequence and Optimal Matching of Spells techniques, the 

weighted average silhouette width was high and constant at around four clusters. 

After four clusters, the weighted average silhouette width decreased, indicating that 

further splitting to clusters led to less well-defined clusters. Therefore, these 

measures together indicate that a four-cluster solution was probable. 
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Figure 5.10: ASWw of the cluster solutions of the different dissimilarity/distance 
metrics of clusters obtained for patterns of use of older frequent ED users identified 
in 2011 in the Midlands region. 

The algorithms were also similar in terms of the broad patterns that characterise the 

final four clusters, which remain robust in the experiments and in line with the aims 

of the research. The patterns of use that emerge were: 

• Short-term frequent use characterised by no emergency department visits 

following the initial period of frequent use;  

• Long-term regular use characterised by an extended period of regular use 

defined as 1-3 emergency department visits in the year; 

• Long-term frequent use characterised by extended periods of frequent 

emergency department use defined as making 4-17 emergency department 

visits in the year; and  

• Long-term super use characterised by an extended period of super use 

defined as making 18 or more emergency department visits in the year. 
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Similar to Johnson et al. (2015), Kanzaria et al. (2017) and Lago et al. (2019), the 

analysis differentiated between short-term frequent use (SFU) and long-term 

frequent use (LFU). However, by analysing the trajectory of use over an extended 

period that considers transitions between varying thresholds of emergency 

department use, the analysis teased out additional classifications as long-term 

regular use (LRU) and long-term super use (LSU). Thus, proving the strength of State 

Sequence Analysis over the more traditional event-based approaches. 

Overall, the algorithms are sensitive to how trajectories that are not dominated by 

one or two utilisation states are categorised, which in turn affects their performance 

in terms of identifying cohesive clusters. Table 5.2 presents both the overall weighted 

average silhouette widths (summarised in Figure 5.10) and within-cluster weighted 

average silhouette widths for the selected distance/dissimilarity measures. Focusing 

on the within-cluster weighted average silhouette widths, Optimal Matching of Spells 

produced the most well-defined individual clusters compared to the other 

sequencing techniques. 

Table 5.2: Summary of The Four-Cluster Solution ASWw By Distance/Dissimilarity 

Metric 

  LCS OMspell HAM 

Clusters Long-term Super Use (LSU) 0.287 0.34 0.142 
Long-term Frequent Use (LFU) 0.266 0.54 0.33 
Long-term Regular Use (LRU) 0.171 0.40 0.125 
Short-term Frequent Use (SFU) 0.596 0.54 0.385 

Overall 0.399 0.501 0.268 

 

From Table 5.2, we see that the Longest Common Subsequence dissimilarity measure 

performs better in distinguishing between patterns of short-term frequent use, 

characterised by long periods of no-use. However, the overall and within-cluster 

weighted average silhouette indicated that the identified clusters had a weak 

structure. Figure 5.11 provides a detailed summary of each cluster's sequential 

patterns identified by the Longest Common Subsequence dissimilarity measure. The 

index plot summarises individual sequences in each cluster sorted by the silhouette 

value. Hence, each cluster's most characteristic sequences are featured at the top of 
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the sequence list in each plot, while sequences at the bottom represent poorly 

assigned or misclassified sequences. The Longest Common Subsequence poorly 

performs when assigning sequences with the same distribution of states but different 

in spell durations due to intermittent states. For instance, sequences with long-term 

regular use, albeit intermittent, feature heavily in the long-term frequent use cluster 

rather than the long-term regular use. The same can be noted in the long-term super 

use and long-term regular use clusters. Therefore, Longest Common Subsequence 

did not adequately capture the heterogeneity between older frequent emergency 

department users' utilisation trajectories. 
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Figure 5.11: Index plots of clusters obtained for patterns of use of older frequent ED users identified in 2011 in the Midlands region after 
clustering with LCS measure sorted in descending order of silhouette value. 
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Hamming Distance measure provides a similar solution to the Longest Common 

Subsequence in terms of the representative sequences. However, the cluster 

solution based on the Hamming Distance measure failed to distinguish between long-

term regular, frequent, and super use due to its sensitivity to the timing of states. 
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Figure 5.12: Index plots of clusters obtained for patterns of use of older frequent ED users identified in 2011 in the Midlands region after 
clustering with HAM distance measure sorted in descending order of silhouette value.
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Alternatively, the Optimal Matching of Spells (OMspell) dissimilarity metric provided 

clusters with a more substantial structure according to the overall and within average 

silhouette width measure as summarised in Table 5.2.  

Figure 5.13 provides more details on the identified patterns of use measured using 

optimal matching of spells. In contrast to the previous algorithms, Optimal Matching 

of Spells provided a trade-off between the differences between the timing of states 

and spell durations. Therefore, sequences with the same state distribution, but 

different spell durations were grouped in the same cluster. 
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Figure 5.13: Sequence Index Plots by clusters from the dissimilarity matrix measured using Optimal Matching of Spells measure sorted 
in descending order of silhouette value. 
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However, this trade-off negatively impacts the formation of the clusters, more so 

that of long-term super use and long-term regular use. Taking a closer look, the index 

plot in Figure 5.14, which summarises the ten sequences with the lowest silhouette 

in each cluster based on the Optimal Matching of Spells solution. Also, each cluster 

is labelled by its most representative sequences to contrast the representative 

sequences and the misrepresented sequences. From Figure 5.14, we determine that 

Optimal Matching of Spells performed poorly in identifying sequences in which spell 

durations in two distinct spells are equal or close to equal. Thus, the low weighted 

average silhouette width in clusters with persistent super use and regular use. 
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Figure 5.14: Index plot of misclassified sequences by clusters derived from the dissimilarity matrix measured using Optimal Matching of 
Spells dissimilarity measure. 
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Nevertheless, Optimal Matching of Spells captured the diversity in older frequent 

users' utilisation trajectories than the other two distance measures. The identified 

utilisation patterns segmented older frequent emergency department users into four 

recognisable subgroups. Figure 5.15 summarises the corresponding proportion of 

subgroups of older frequent emergency department users based on the patterns of 

use. Short-term frequent users accounted for 43% of all emergency episodes in the 

period, while long-term frequent and super users accounted for approximately 19% 

of all emergency department visits. 

 

Figure 5.15: Emergency department patterns of use of older frequent emergency 
department user identified in 2011, living in the Midlands region of England and 
corresponding sub-group population (HES 2011-2017). 

In line with previous literature, most of the utilisation trajectories in the sample are 

grouped into a cluster dominated by short-term frequent use. The estimate that 65% 

of the utilisation trajectories have short-term patterns of frequent emergency 

department use is within the range of estimates in previous literature which vary 

between 58% and 80% (Lago et al., 2019). The utilisation trajectories in this group 

are characterised by low-intensity utilisation; seven emergency department visits on 
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average that are separated by extended time intervals (91 days on average between 

visits) following the initial period of frequent use.  

Also consistent with previous literature, a small but non-trivial group of older 

frequent users exhibit longitudinal emergency department use patterns. This study 

extends previous research by identifying subgroups of long-term emergency 

department users at varying thresholds of emergency department use. The analysis 

classifies long-term emergency department use patterns into regular, frequent, and 

super use, which represent long-term reliance on the emergency department, albeit 

at varying thresholds of use. The literature has so far focused only on the 

characteristics and determinants of long-term frequent emergency department use 

(Kanzaria et al., 2017; Lago et al., 2019). 

This analysis identified long-term regular emergency department use that made up 

approximately 30% of the utilisation trajectories. The literature, to our knowledge, is 

yet to explore this subgroup of emergency department users, who have persistently 

regular use of the emergency department measured as having between 1-3 visits in 

a 12-month rolling period. In the sample, most of the older long-term emergency 

department users have long-term regular use. Long-term regular users account for 

38% of the emergency department visits almost comparable to short-term users who 

are approximately double the cohort. 

The analysis also distinguished between long-term patterns of frequent emergency 

department use (4 to 17 visits per year) and super emergency department use (> 18 

visits per year). These two groups only captured 5% of the utilisation trajectories. 

However, long-term frequent users accounted for a total of 21,293 visits, 14% of 

volume; while long-term super users accounted for a total of 8,372 visits, 5% of the 

volume in the period. However, despite the low overall volume, the visits were 

characterised by high-intensity utilisation (130 emergency department visits on 

average) separated by short time intervals (14 days on average between visits). This 

subgroup may represent individuals with high need who are potential targets for 

interventions that may prevent or shorten the bursts of utilisation (Burton et al., 

2018). Examining and comparing these utilisation groups' characteristics provides 
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more information required to suggest targeted interventions for improving care 

delivery. The following section discusses the study results in characterising older 

frequent emergency department users' subgroups by their patterns of utilisation. 

5.5 Characteristics of Older Frequent Emergency Department User 

Subgroups 

This section presents results for the second part of the research question: What are 

the characteristics of subgroups of older frequent emergency department users 

based on their longitudinal patterns of use? Importantly, no information on service 

outcomes is used to construct the utilisation trajectories and hence the clusters. 

Therefore, characterising the subgroups of older frequent emergency department 

users by assessing the differences between the subgroups would ensure that the 

patterns were distinct and meet external validity criteria (Yan et al., 2018). In addition 

to providing external validation, characterising the subgroups of older frequent 

emergency department users by the clinical characteristics and service outcomes 

would allow for identifying potential interventions that will better manage the 

healthcare needs of the subgroups and overall emergency demand. 

5.5.1 Clinical Characteristics by Subgroup 

Figure 5.16 summarises the distribution of primary diagnosis for all emergency 

department visits over the period; the corresponding table is available in Appendix 

E.1. There were statistically significant differences in the diagnostic profile between 

the subgroups of older frequent emergency department users (χ2 =9,313.7, p < .001). 

Short-term frequent users were more likely to have the primary diagnosis as “AE 

diagnosis” (23.4%) or “Diagnosis not classifiable” (12.4%) and urological conditions 

(4.9%). Long-term frequent users were more likely to have the primary diagnosis as 

respiratory (7.3%) and gastrointestinal conditions (5.4%). In comparison, long-term 

super users were more likely to have cardiac conditions (11.2%) than other groups. 

However, across all subgroups, heterogeneity in the diagnostic profile persists 

whereby no single illness was responsible for more than half of all emergency 

department visits.  
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Figure 5.16: Distribution of primary diagnosis by pattern of use subgroup of older 
frequent emergency department user identified in 2011, living in the Midlands region 
of England (HES 2011-2017). 

There were also significant differences in the primary investigation (χ2 = 2,480, p < 

.001) among the subgroups of older frequent emergency department users. Figure 

5.17 summarises the distribution of primary investigation for all emergency 

department visits over the period; the corresponding table is available in Appendix 

E.2. Older frequent emergency department use with short term pattern of frequent 

users was more likely to have X-ray plain film and Haematology as the primary 

investigation in the emergency department visits within the observation period 

compared to the other subgroups of older frequent emergency department users. 

On the other hand, those with long-term super use were more likely to have no 

primary investigation coded within the period than the other subgroups. 
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Figure 5.17: Distribution of primary investigations for ED visits by pattern of use 
subgroup of older frequent emergency department user identified in 2011, living in 
the Midlands region of England (HES 2011-2017). 

Lastly, the analysis found significant differences in the primary treatment (χ2 = 5,842, 

p < .001) among the subgroups of older frequent emergency department users. 

Figure 5.18 summarises the distribution of primary treatment for all emergency 

department visits over the period; the corresponding table is available in Appendix 

E.3. Older frequent emergency department users with long-term patterns of super 

use were more likely to have emergency episodes with the primary treatment coded 

as “None” (16.1%) and “Recording vital signs” (12.7%), which are investigations and 

treatment combinations that are used to identify non-urgent emergency department 

visits (O’Keeffe et al., 2018). 
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Figure 5.18: Distribution of primary treatment for ED visits by pattern of use 
subgroup of older frequent emergency department user identified in 2011, living in 
the Midlands region of England (HES 2011-2017). 

In summary, the result highlights the distribution of primary diagnosis, investigation, 

and treatment for each subgroup of older frequent emergency department user. 

Previous studies report high heterogeneity in terms of the clinical characteristics 

(Neufeld et al., 2016; Street et al., 2018). However, grouping older frequent 

emergency department users based on patterns of use over time did not reduce this 

heterogeneity. Plain film X-ray is the most frequently coded emergency department 

primary investigation for short-term frequent user, long-term regular and long-term 

frequent user groups. However, this primary investigation accounts for slightly more 

than a quarter of the emergency department visits in the observation period. 

Interestingly, the long-term super user group have the primary investigation coded 

as “None” for more than a quarter of the emergency department visits. Lack of a 

primary emergency department investigation may be indicative of social rather than 
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medical needs when seeking emergency department care that may be managed 

better through timely preventative care provided in community settings (Gruneir et 

al., 2011).  

5.5.2 Emergency Department Visit Characteristics 

There were significant differences in the mode of arrival (χ2 = 1,346, p < .001), day of 

the week (χ2 = 12 p < .05) and time of arrival (χ2 =90, p < .001). These results are 

discussed further in the sections that follow, with the corresponding table summary 

in Appendix E.4. The relationship between the visit characteristics and group 

membership is visualised as a general matrix of standardised residuals of each cell 

from the Chi-square test. This visualisation indicates the nature of the dependency 

between the emergency department visit characteristics and group membership. 

The size of the circle is proportional to the amount of cell contribution. The colour of 

the circle indicates the type of association with red indicating negative residuals. 

5.5.2.1 Mode of Arrival 

From Figure 25, we find that the standardized residuals show a strong positive 

association between short-term frequent use and ambulance arrival. In contrast, 

long-term regular users had a strong association with arrivals other than ambulance. 

Long-term super users had a moderate positive association with arrival by ambulance 

while long-term frequent users had standardised residuals that were almost zero. 
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Figure 5.19: Arrival mode by pattern of use subgroup of older frequent emergency 
department user identified in 2011, living in the Midlands region of England. 

5.5.2.2 Time of Arrival 

Figure 5.20 of the standardized residuals show a strong positive association between 

overnight arrivals and short-term frequent use, long-term super use. Long-term 

regular users were strongly negatively associated with overnight arrivals and 

positively associated with day arrivals. 
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Figure 5.20: Time of arrival by pattern of use subgroup of older frequent emergency 
department user identified in 2011, living in the Midlands region of England. 

5.5.2.3 Day of Arrival 

Figure 5.21 of the standardized residuals show a strong positive association between 

short-term frequent use and weekend arrivals. In contrast, long-term regular users 

had a strong association with weekday arrivals. Long-term super users had a 

moderate positive association with weekday arrivals while long-term frequent users 

with weekday arrivals. 
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Figure 5.21: Day of arrival by pattern of use subgroup of older frequent emergency 
department user identified in 2011, living in the Midlands region of England. 

5.5.3 Emergency Department Service Outcomes 

Overall, older frequent emergency department users whose utilisation trajectories 

were characterised by long-term super use (LSU) had the highest averages in the six 

years in terms of: 

• The number of emergency department visits; 

• The number of unique providers visited; 

• The rate of 7-day and 30-day emergency department re-visit; and 

• The rate of non-urgent visit.  

Older frequent emergency department users in this group made, on average, 130 

emergency department visits to four unique emergency providers. On average, 

about 47% and 36% of the emergency department re-visits occurred within seven 

and thirty days respectively, and 3.2% of their emergency visits were non-urgent. On 

the other hand, older frequent emergency department users whose utilisation 

trajectories were characterised by short-term frequent use (SFU) had the lowest 
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averages in most service outcomes. However, this patient subgroup had the highest 

emergency department visits rate that ended with hospital admissions (53%). It 

follows that the subgroup also had the highest length of stay at a median length of 

stay of two days and the highest rate of admissions with a length of stay greater than 

seven and twenty-one days. 

Older frequent emergency department users whose utilisation trajectories were 

characterised by long-term frequent use (LFU) ranked second to the older frequent 

emergency department user group with long-term super use in most service 

outcomes. However, this patient subgroup had the highest 90-day emergency re-visit 

rate, with an average of 30% of the emergency department re-visits. Patients whose 

utilisation trajectories were characterised by long-term regular use (LRU) had the 

highest number of 360-day emergency re-visits. The sections that follow report on 

the results of Pearson’s Chi-Squared Test of independence and post hoc comparisons 

between groups. The detailed results are summarised in Appendix E.5 and Appendix 

E.6. 

5.5.3.1 Number of Emergency Department Visits 

There were significant differences in the number of emergency department visits 

between the groups [F (3,285) =1355.81, p < 0.01]. Post hoc pairwise comparisons 

similarly show significant differences between all groups at the 0.05 significance 

level. Figure 27 shows that the overall shape and distribution of emergency 

department visits over the period are different between the subgroups. As expected, 

long-term super users place the highest demand in the emergency department. 

Despite being the smallest group, individuals with long-term super use made, on 

average, 122 emergency department visits more than short-term frequent users. 
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Figure 5.22: Distribution and ranking of number of emergency department visits by 
pattern of use subgroup of older frequent emergency department user identified in 
2011, living in the Midlands region of England. 

5.5.3.2 Number of Emergency Department Providers 

The number of providers visited within the observation period differed significantly 

across the groups [F (3,286) =105.90, p < 0.01]. However, post hoc pairwise 

comparisons show significant, though small differences between individuals with 

short-term frequent use and those with long-term emergency department users at 

different levels of use. Figure 5.23 shows that the largest difference is between 

individuals with short-term frequent use and long-term super use. Individuals with 

long-term super use visited two emergency care providers on average more than 

those with short-term frequent use. 
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Figure 5.23: Distribution and ranking of number of emergency department providers 
visits by pattern of use subgroup of older frequent emergency department user 
identified in 2011, living in the Midlands region of England. 

5.5.3.3 Emergency Department Conversion Rate 

There was a significant difference in the mean admission rate across all groups [F 

(3,289.5) =65.65, p < 0.001]. Post hoc comparisons show significant pairwise 

differences between the groups. Figure 5.24 shows that the overall shape and 

distribution of emergency department conversion rate over the period differed 

between the subgroups.  

Short-term frequent users had the highest admission rate for each emergency 

department visit. The distribution of these visits is characterised with several peaks 

compares to the other groups characterised with long-term emergency department 

use. The largest pairwise difference was between long-term super use and short-

term frequent use. Individuals with short-term frequent use had 0.17 times more 
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emergency department visits that ended with a hospital admission than long-term 

super users. 

 

Figure 5.24: Distribution and ranking of emergency department conversion rate by 
pattern of use subgroup of older frequent emergency department user identified in 
2011, living in the Midlands region of England. 

5.5.3.4 Length of Inpatient Stay on Admission 

There was a significant difference in median length of stay across all groups [F (3,325) 

=237.93, p < 0.001]. However, Figure 5.25 shows a similar distribution among the 

subgroups of older frequent emergency department users. More detailed post hoc 

comparisons show significant pairwise differences between the groups except for 

short-term frequent use and long-term frequent use. The largest pairwise difference 

was between short-term frequent use and long-term super use. Individuals with 

short-term frequent use had 1.93 median lengths of stay days – more than those with 

long-term super use. 



151 

 

Figure 5.25: Distribution and ranking of median length of stay by pattern of use 
subgroup of older frequent emergency department user identified in 2011, living in 
the Midlands region of England. 

Focusing on the state of being stranded in hospital (length of stay of greater than 

seven days) or super-stranded (extended length of stay of more than 21 days), which 

negatively affect the quality of care provided and hospital performance. Figure 5.26 

summarises these two outcome measures across subgroups. The distribution of 

stranded rate significantly differed across all groups [F (3,302.54) =65.98, p < 0.001]. 

Short-term frequent users had the highest stranded rate, with the largest pairwise 

difference between short-term frequent use and long-term super use. Individuals 

with short-term frequent use had 0.14 times more hospital stays with stranded status 

than those with long-term super use.  

Super-stranded rate was low across groups but differed significantly across all groups 

[F (3,302.54) =65.98, p < 0.001]. Post hoc pairwise comparisons showed significant 

differences between groups except for long-term regular use and long-term frequent 

use. The largest pairwise difference was between short-term frequent use and long-
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term super use at 0.09 times more hospital stays with super-stranded status than 

those with long-term super use. 

 

Figure 5.26: Distribution and ranking of strandedness rate by subgroup (ordered by 
the mean) by pattern of use subgroup of older frequent emergency department user 
identified in 2011, living in the Midlands region of England. 

5.5.3.5 Emergency Department Re-visit Rate 

The analysis reported on all-cause emergency department re-visit rates as a series of 

7, 30, 90 and 360 days after discharge. The results extend previous literature on older 

frequent emergency department users which have only contrasted 30-day 

emergency department between frequent and non-frequent users (Berry et al., 

2019). 

There were significant differences across all groups in terms of the 7-day re-visit rate 

[F (3,289) =173.15, p < 0.001], 30-day re- visit [F (3,289) =226.29, p < 0.001], 90-day 

re-visit rate [F (3,297) =187.46, p < 0.001] and 360-day re-visit rate [F (3,389) 
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=1873.16, p < 0.001]. Post hoc pairwise comparisons show a significant difference 

across all groups. A detailed summary can be found in Appendix E.6.  

Figure 5.27 summarises the distribution and ranking of the four outcome measures 

across all subgroups. Each violin port shows differences in the overall shape and 

distribution of emergency department revisit rates across the subgroups. Long-term 

super users ranked high in the 7-day and 30-day emergency department re-visit 

rates. Pairwise comparisons show individuals with long-term super use had on 

average 0.28 times more emergency visits occurring within seven days of discharge 

than those with short-term frequent use. In terms of 30-day re-visits, individuals with 

long-term super use had on average 0.16 times more emergency department visits 

occurring within 30 days of discharge than those with short-term frequent use.  

Long-term frequent users ranked high in 90-day emergency department re-visit 

rates. The largest difference in mean 90-day emergency department re-visit rate was 

between individuals with long-term frequent users and long-term super users. 

Individuals with long-term frequent use had, on average, 0.18 time more emergency 

visits occurring within 90 days than long-term regular users.  

Lastly, long-term regular users ranked high on the 360-day emergency department 

revisit rate. Individuals with long-term regular use had, on average, 0.11 times more 

and 0.26 times more emergency visits occur within 360 days than those with short-

term frequent use and long-term super use respectively. 
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Figure 5.27: Distribution and ranking of emergency department revisit rates (ordered 
by median rate) by pattern of use subgroup of older frequent emergency department 
user identified in 2011, living in the Midlands region of England. 

5.5.3.6 Rate of Non-Urgent Use 

There was a significant difference in mean rate of non-urgent emergency department 

visits [F (3,285.89) =14.30, p < 0.001]. Figure 5.28 shows that the average rate of non-

urgent emergency department visits was low across all groups, and accordingly, 

there were small differences between groups albeit significant at the 0.05 level.  

The largest differences in mean rate of non-urgent emergency department visits 

were between individuals with long-term super use and short-term frequent use. 

0.025 of the emergency department visits were identified as non-urgent – more than 

short-term frequent use. Individuals with long-term super use also had 0.023 

emergency visits and 0.17 emergency department visits identified as non-urgent 
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more than those with long-term regular use and long-term frequent use, 

respectively. 

 

Figure 5.28: Distribution and ranking of emergency department non-urgent use by 
pattern of use subgroup of older frequent emergency department user identified in 
2011, living in the Midlands region of England. 

5.6 Determinants of Patterns of Emergency Department Utilisation 

This section presents results for the third part of the research question: Which 

sociodemographic and baseline utilisation factors determine emergency 

department longitudinal patterns of use among older frequent emergency 

department users? 

Identifying factors associated with the different patterns of emergency department 

utilisation would allow better targeting of health care service interventions to 

address unmet health and social needs while simultaneously reducing emergency 

department utilisation. This question is addressed by estimating a multinomial 

logistic regression model was fit to test the overall effect of the baseline socio-
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demographics and baseline utilisation factors, adjusted against each other, on the 

patterns of emergency department use. 

5.6.1 Initial Summary Statistics 

An initial cross-tabulation of older frequent emergency department users’ 

characteristics by the pattern of emergency department utilisation, summarised in 

Appendix F.1, showed categorical variables whose values had no or very few cases. 

More specifically, the ethnicity, index of multiple deprivation and rurality index. In 

the case of categorical values with no or very few cases, multiple regression models 

may become unstable or may not run. Therefore, these determinants were merged 

to ensure that at least 20% of each categorical value's expected frequencies were 

less than five (Field et al., 2012 p. 323). The final sociodemographic and baseline 

utilisation factors and corresponding test of independence are summarised in 

Appendix F.2.  

The initial test of independence shows that demographics and baseline utilisation 

differ with the group membership at the 0.05 level. From the descriptive statistics, 

older frequent emergency department users with short-term frequent use were aged 

above approximately 80 years on average, female and lived in less deprived urban 

areas. Older frequent emergency department users in this group had a higher rate of 

baseline emergency visits that ended with admission into hospital and visited, on 

average, one emergency department. On the other hand, older frequent emergency 

department users with long-term super user were the youngest among the 

subgroups, aged approximately 73 years on average, male and lived in more deprived 

areas that were predominantly urban. In the baseline year, long-term super users 

had the lowest rate of hospital admissions following an emergency department visit 

and visited, on average, at least two different emergency providers. 
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5.6.2 Association between Socio-demographic and Baseline Utilisation and Patterns 

of Use: Regression Results 

The baseline demographics and patient characteristics that differed significantly 

between the groups of older frequent emergency department users were entered 

into the multinomial logistic regression model using the forced entry method. These 

were age, gender, ethnicity, the Index of Multiple Deprivation group, rural/urban 

indicator, the baseline admission rate, and the number of providers. The reference 

group for the multinomial logistic regression was short-term frequent use. Each of 

the socio-demographic and baseline utilisation factors was significantly associated, 

with varying combinations, with the probability of having long-term emergency 

department use as opposed to short-term frequent use as summarised in Appendix 

F.3. The sensitivity analysis of the imputed variables, with or without analysis, are 

summarised in Appendix F.4. Lastly, the marginal effects, which examined the effect 

of changing the baseline socio-demographics and baseline utilisation on the 

probability of an older frequent user falling into one of the identified groups are 

summarised in Appendix F.5. Figure 5.29 summarise the determinants of the 

longitudinal pattern of use by subgroup of older frequent emergency department 

users derived from the identified patterns.  

Like previous literature, high intensity of emergency department use in the baseline 

year is a strong determinant on the patterns of use compared to demographic and 

socioeconomic determinants on the patterns of use (Birmingham et al., 2019; 

Kanzaria et al., 2017). However, the direction of the effect differed from other 

literature. Admission rate in the baseline year is a strong determinant for short-term 

frequent use, long-term regular use, and long-term super use. However, in contrast 

to previous literature, short-term frequent emergency department use was 

associated with higher admission rates (Kanzaria et al., 2017; Lago et al., 2019). The 

number of providers in the baseline year was only associated with long-term super 

use. This finding is in line with previous research, where patients who visit multiple 

emergency departments have more total emergency department visits (LaCalle & 

Rabin, 2010). 
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In line with previous literature, the demographic and socioeconomic factors have a 

small but significant effect on emergency department use patterns among older 

frequent emergency department users (Kanzaria et al., 2017). Ethnicity was a strong 

determinant, significant for short-term frequent use, long-term regular and long-

term frequent use. Short-term as opposed to long-term emergency department use 

is associated with being of White ethnicity, which comprised of British, Irish and any 

other White background. However, this may be attributed to the study population 

being predominantly of White ethnicity, which is reflective of the population 

demographics of the Midlands region of England (Office for National Statistics, 

2018b).  

Age is a significant determinant across all patterns of use. Short-term frequent use is 

associated with older emergency department users who are approximately 80 years 

on average, confirming previous findings by Lago et al. (2019). Short-term frequent 

use may represent older adults who are towards the end of their care pathway and 

may be transitioning to end-of-life care management. A reduction in the availability 

of supportive end-of-life services in the community may have led to increased 

demand for hospital inpatient services, which has been associated with higher 

inpatient costs (Imison et al., 2012). Gender is a significant determinant for short-

term frequent use, long-term regular use and long-term frequent use, which 

contrasts to previous studies where gender was not a determinant for long-term 

frequent emergency department use (Lago et al., 2019). More specially, long-term 

regular users were more likely to be female. From the literature, this finding is 

associated with majority of older women living alone, which increases the risk of low 

social support, which explain why this group has over reliance on the emergency 

department (Dufour et al., 2019) 

Lastly, socioeconomic status based on the Index of Multiple Deprivation and Rurality 

index is a significant determinant for short-term frequent use, long-term regular and 

long-term frequent use. Long-term emergency department use is significantly 

associated with living in deprived urban areas of England. The low socio-economic 

status indicates that this subgroup has significant socioeconomic barriers in accessing 
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timely and appropriate health and social services, leading to the reliance on 

emergency department services. 

 

Figure 5.29: Determinants of longitudinal patterns of emergency department use by 
subgroup of older frequent emergency department users. 

5.7 Summary of Findings 

In summary, the sample population matches previous studies on emergency 

department users as evidenced by the frequent diagnosis and emergency activity, 

making a case of the sample's generalisability. Older frequent emergency 

department users are heterogeneous, which negatively affects the tailoring of 

interventions that adequately meet the health and social care needs of this 

population. The heterogeneity of older frequent emergency department users in the 

current sample is consistent with previous findings whereby no single illness 

accounted for more than half of the emergency department visits. Additionally, the 

service outcomes were highly skewed, further indicating high heterogeneity among 
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the older frequent emergency department users. Identifying patterns of utilisation 

would segment older frequent emergency department users by their resulting 

utilisation to better understand demand variation to improve care management and 

effective emergency care resource planning. 

From the 13,131 patient utilisation trajectories, there were 378 identifiable unique 

sequences. Both the qualitative and quantitative information provides inference on 

at least two utilisation patterns present in the data; namely, long-term emergency 

department use at regular, frequent and or super levels of utilisation and short-term 

patterns of frequent use consistent with previous literature (Kanzaria et al., 2017; 

Lago et al., 2019). However, the two broad patterns of use did not explain more than 

half of the variation in the patient utilisation trajectories, which implied that further 

analysis is required to identify the utilisation patterns. 

In answering the first part of the research question, the application of Sequence 

Analysis was able to group these trajectories into four relatively homogenous groups. 

Optimal Matching of Spells dissimilarity measure appeared to identify well-defined 

groups of trajectories best. Compared to the other solutions, based on overall and 

within-cluster weighted average silhouette width, Optimal Matching of Spells 

produced clusters with reasonable overall and within-cluster structure, which 

indicated that the clusters adequately captured the heterogeneity between the 

utilisation trajectories of older frequent emergency department users. Also 

compared to the other solutions, Optimal Matching of Spells dissimilarity measure 

provided subjectively interpretable clusters, again supporting the choice of this 

algorithm. 

The second part of the research question sought to characterise the subgroups of 

older frequent emergency department users to demonstrate that the patterns of 

utilisation segmented the older patient population into distinct groups with unique 

care priorities. This objective was achieved by testing whether the underlying 

subgroups of older frequent emergency department users differed significantly 

based on selected diagnostic profile, emergency department visit characteristics and 

service outcomes. The chi-square goodness of fit test showed significant differences 
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between the subgroups of older frequent emergency department users based on 

their clinical characteristics and service outcomes.  

Older adults whose trajectories were characterised by short-term frequent use were 

more likely to be admitted and had the longest length of stay demonstrating higher 

illness severity on presentation to the emergency department. Older adults with 

long-term super-use patterns were also distinct by having the highest proportion of 

episodes with emergency department investigation and treatment codes associated 

with non-urgent use. This subgroup also had the worst service outcomes in terms of 

readmission. Older adults with long-term regular use of the emergency department 

had similar outcomes with those in the short-term frequent user group. However, 

this subgroup of older frequent emergency department users was distinct in terms 

of emergency department revisit within a year. Those with long-term frequent use 

were also similar to those with long-term super use in terms of adverse service 

outcomes. However, this subgroup of older frequent emergency department users 

was distinct in terms of 90-day emergency re-visit rate. 

The heterogeneity in diagnosis, treatment and investigation was persistent across all 

subgroups. Analysis of variance performed on the service outcomes by the groups of 

older frequent emergency department users showed that the subgroups of older 

frequent emergency department users varied significantly in terms of the clinical 

characteristics and aggregated six-year service outcomes. This analysis indicates that 

the subgroups of older frequent emergency department users, based on their 

utilisation patterns, were distinct, with unique care needs, providing a quantitative 

evidence base that can be utilised to improve their health and service outcomes. 

These practical implications will be further expounded in the discussion chapter.  

The third part of the research question examined the determinants of emergency 

department use patterns using Multinomial Logistic Regression. Identifying 

determinants of the use patterns would help identify individuals to target with 

additional or alternative services. From this analysis, we determined that socio-

demographic and baseline utilisation differed significantly across emergency 

department use patterns. However, the findings in terms of the determinants of the 
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patterns of use were not consistent with previous findings. For instance, older 

frequent emergency department users with short-term frequent use were more 

likely to be much older (average age is approximately 80 years), male and lived in less 

deprived rural areas, which is in contrast to previous findings (Lago et al., 2019). Also, 

older frequent emergency department users with short-term emergency 

department use had a higher rate of baseline emergency visits that ended with 

admission into hospital and visited on average one emergency department, which 

was also not consistent with previous findings (Kanzaria et al., 2017). This could be 

attributed to higher severity of illness among this subgroup of users (Lago et al., 

2019). 
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CHAPTER 6: DISCUSSION 

6.1 Framework for Modelling Longitudinal Patterns in Health Care Service 

Utilisation 

It is well accepted that patterns of health care service utilisation have a decisive role 

in determining health and service use outcomes at the individual and provider level. 

There is evidence that health care utilization answers important health service 

research questions. Characterising health care service utilisation behaviours and the 

associated drivers of variations in health care service utilisation informs target 

payment and delivery reform incentives with the aim of improving health outcomes 

and care quality while reducing health care spending. Utilisation patterns may also 

highlight where targeted interventions can improve care. For instance, ineffective 

utilization patterns highlight where targeted interventions could be placed to 

improve care delivery. Moreover, characterising health care service utilisation over 

time provides information on how these utilization patterns change across time 

subject to change in health status and, more importantly, the impact of the health 

system's design and delivery of services in the face of diminishing resources. 

Understanding and managing healthcare utilisation is now achievable with the 

advent of population-based administrative health databases maintained by health 

care provides. Generally, a patient’s contacts with the healthcare system are kept in 

separate administrative health databases given the different types of health care 

providers. These administrative databases provide health care service information 

such as the place and type of health care service provided, diagnosis and procedure 

codes and individual demographic data. Patients’ care events over time can be 

mapped into longitudinal sequences that characterise longitudinal health care 

service utilisation at the individual level. Statistical modelling can be applied to these 

sequences to make inference on the heterogeneity in health care service utilisation.  

A variety of statistical models have been considered for analysing longitudinal 

patterns of health care service use. These models arose from the limitation of 

identifying and profiling individuals using an indicator that is presence or absence of 
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health care service use, which did not provide a complete picture of health care 

service use over time. In recent years, several statistical approaches have been 

proposed to extract patterns from longitudinal sequential data of health care service 

utilisation, such as the multi-state Markov model and exponential proportional 

hazards mixture model. However, deriving patterns of health care service utilisation 

from complex temporal event sequences is not straightforward. Despite the various 

statistical approaches available, their application in analysing longitudinal patterns 

of health care service use is limited by the assumption of independence across the 

states and the focus of single transitions over time. This limitation has emphasised 

the need for appropriate methods to describe and visualise longitudinal sequences 

representing health care service utilisation over time for evidence-based decision-

making. 

To pursue this idea, this thesis has proposed and used an alternative methodological 

framework to explore longitudinal patterns of health care service use. The 

framework is based on a method for the analysis of longitudinal sequential data that 

has recently risen in health care service research but has been used widely in the 

social sciences to described and visualise longitudinal patterns in individual life 

trajectories. We have aggregated the recommendations and provided an updated 

reference process on the use of state sequence analysis to analyse longitudinal 

health care service utilisation. More specifically, we present methods that would 

assure the validity of the final result by varying the distance or dissimilarity measure 

and the associated parameters.  
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Figure 6.1: Methodological framework for the analysis of longitudinal patterns of health care service use.
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We show that state sequence analysis allows for the assessment of the chronology 

of individual care consumption by grouping utilisation trajectories similar in the 

timing of utilisation states and the time spent in distinct utilisation states, which is a 

noted limitation in the previous longitudinal analysis. The procedure draws on 

empirical assessments of the distinctions between different levels of use that allows 

us to examine better the structured nature of longitudinal utilisation patterns and to 

look beyond factors that influence single state transitions between two levels of use 

across a given observation period. Therefore, we can explore the instability of the 

level of use over time to identify regularities in utilisation trajectories. 

The thesis applied the suggested methodological framework on a study on 

uncovering emergency department utilisation patterns among older frequent 

emergency department users in the Midlands region of the United Kingdom using a 

data extract from the Hospital Episode Statistics database. The application of the 

proposed methodology revealed four patterns of emergency department utilisation 

over a six-year observation period starting in 2011.  

From this analysis, we can begin to consider the trajectories of health care service 

utilisation among older emergency departments and manage demand by shortening 

sequences of high-level emergency department use. These patterns of use also 

segmented the sample population into subgroups of individuals with distinct 

utilisation patterns. In this instance, the grouping of older frequent emergency 

department users was primarily driven by the time spent in a particular state 

representing the level of health care service use. These identified groups extended 

the notion of emergency department utilisation patterns that have emerged from 

the literature and could be used by policymakers and clinicians to design 

interventions tailored to each subgroup to improve care and service outcomes in 

emergency care settings. 

  



167 

6.2 Subgroups of Older Frequent Emergency Department Users by 

Patterns of Emergency Department Use 

The ageing population with increasing chronic diseases burden is a global challenge 

in the face of escalating healthcare expenditure and strained healthcare resources. 

Previous research associates the ageing population with overcrowding of emergency 

department, which is further associated with poor outcomes resulting from 

prolonged wait times and ambulance diversions.  

On the one hand, the perception of the emergency department as a safety valve for 

older patients who lack access to timely and appropriate care in other care settings 

suggests that emergency department visits are an inappropriate response to their 

care needs. On the other hand, frequent emergency department use by older 

patients is indicative of continued unmet health and social care needs. 

 Consequently, care interventions have been developed that aim to provide timely 

and appropriate care and reduce reliance on the emergency department. However, 

these interventions developed to identify and manage frequent emergency 

department use by older adults show little evidence that leads to a substantial 

reduction in overall demand. 

The poor performance of health care service interventions is, in part associated with 

the heterogeneous nature of older frequent emergency department users. Older 

frequent emergency department users may include patients who require multiple 

visits because of complex conditions and others who attend for ongoing treatment 

that can be manageable elsewhere. Therefore, an understanding of the dominant 

patterns of emergency department utilisation would identify and characterise groups 

of cases with similar utilisation patterns to distinguish meaningful subgroups for 

intervention. 

Given the high demand for healthcare services by this aforementioned population, it 

is important to identify variation in patterns of use to highlight and or where targeted 

interventions could be placed to improve care. The emergency department, more 
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specifically, is an important site to consider when examining health care use by older 

adults. This is due to poor health and service outcomes associated with frequent 

emergency department use by older adults aged 65 years and above. Frequent 

emergency department use, defined as making four or more emergency department 

visits in a 12-month observation period, in most instances result from unmet health 

care needs and is an opportunity to improve the health and well‐being of this 

population. Older frequent emergency department users are characterised by being 

highly heterogeneous patient group whereby no single illness is attributable to the 

emergency department utilisation. From the literature, we found that the 

identification and interpretation of relevant patterns of use within this population of 

high-risk patients are difficult due to the presence of multiple chronic conditions 

(Najjar et al., 2018). 

The findings highlight the importance of feature selection in population 

segmentation, whereby selection is motivated by availability and access to 

information. Utilisation data provide accessible starting points for patient 

segmentation as they comprise of routinely collected hospital administrative data. 

More specifically, frequency of use over time provides a suitable proxy due to the 

implications on older patient’s health and emergency care resource consumption as 

previously discussed. Examining frequent emergency department use by older adults 

in a cross-sectional manner has allowed us to understand the profiles of older 

frequent users (Berry et al., 2019; Doheny et al., 2019; Shen et al., 2018; Street et al., 

2018; Wajnberg et al., 2012). 

This thesis addresses the need for information on older adult emergency department 

utilisation by analysing long-term patterns of emergency department use among 

older frequent emergency department users to distinguish meaningful subgroups for 

intervention. To our knowledge, is the first study that uses regional data to analyse 

long-term patterns of emergency department use by older frequent emergency 

department users. Observing frequent users longitudinally has provided valuable 

information on how utilisation accumulates over time and how older frequent users 

transit between levels of use. This taxonomy of older frequent emergency 
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department users by longitudinal patterns of use provides a better understanding of 

the dynamics of transitions in the utilisation of emergency department services and 

the factors that influence this dynamic process. This taxonomy by the pattern of use 

also informs how healthcare systems can better design and target interventions for 

older frequent emergency department users. 

Four distinct and well-clustered groups emerged from the State Sequence Analysis, 

which illustrates how this methodology can produce meaningful homogeneous 

subgroups of older frequent emergency department users. State Sequence Analysis 

established the following subgroups: 

1. Short-term Frequent Users (SFU); 

2. Long-term Regular Users (LRU); 

3. Long-term Frequent Users (LFU); and 

4. Long-term Super Users (LSU). 

Characterising each subgroup based on visit characteristics and determinants of 

patterns of use, summarised in Figure 6.2, show that each of the four groups is 

relatively homogeneous group and substantively different from other groups. The 

differences in characteristics for older frequent emergency department users in each 

category of the pattern of use demonstrate a need to consider different types of 

interventions for each subgroup of older frequent emergency department user. 

Tailoring service interventions to homogeneous groups would prevent resources 

from being delivered to subgroups that do not require that level or type of service. 

6.2.1 Short-term Frequent Users 

Short-term frequent users are identified as older adults with discontinuing frequent 

use over time. Previous research links short-term frequent use with predicted 

attrition of frequent use (Birmingham et al., 2019; Kanzaria et al., 2017; Lago et al., 

2019). Predicted attrition refers to situations where patients revert to low resource 

use on their own over time, and therefore, only patients who remain with the system 

over time require intervention Ng et al. (2019). Therefore, it assumes that the needs 
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of frequent emergency department users with short-term or temporary frequent 

emergency department use will resolve without requiring additional or alternative 

service interventions (LaCalle & Rabin, 2010). However, the sample of older frequent 

users with short-term frequent use represents the oldest frequent user subgroups 

with higher severity of illness as indicated by the high levels of inpatient utilisation 

and longer length of stay on admission (Street et al., 2018).  

Therefore, older frequent emergency department users with frequent short-term 

use could benefit from service interventions that focus on optimising the emergency 

department community transition to reduce the likelihood of admission and result in 

reduced length of hospital stay (Credé et al., 2017). From the literature review, this 

subgroup is least likely to benefit from hospital-based service interventions given the 

short-term nature; interventions such as case management in the community 

settings are more likely to reduce emergency department use in the cohort (Fan et 

al., 2015; Hastings & Heflin, 2005).  

The subgroup of older frequent emergency department users with short-term 

frequent use could also comprise of older patients at the end of their patient pathway 

who are transitioning to palliative care in the community (Kelley et al., 2017). 

Therefore, can benefit from end-of-life care services such as home-based palliative 

care that shift attention from curative efforts to quality-of-life improvement (Bretos-

Azcona et al., 2020).  

6.2.2 Long-term Regular Users 

Long-term regular users represent older frequent emergency department users with 

ongoing regular use following the initial period of frequent use. Ongoing regular use 

of the emergency department has not been explored in the literature. Long-term 

regular users had the highest 360-day revisit rate and relatively few hospitalisations. 

Less than 50% of the emergency department visits ended with an admission to 

hospital indicating lower severity of disease among older adults in this subgroup in 

comparison to short-term frequent users and long-term frequent users. 
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This subgroup may represent older emergency department users who require 

ongoing treatment for chronic diseases such as symptom control that could not be 

managed by alternative care providers (Street et al., 2018). Based on the literature 

review, older adults with long-term regular use could benefit from more proactive 

community-based interventions focusing on prevention of illnesses or functional 

decline and hospital-based interventions focusing on rehabilitation and follow-up to 

reduce the incidences of unplanned emergency department visits (Fan et al., 2015). 

For instance, nursing visits, combined with caregiver training and support. 

However, the reasons for the ongoing regular use of the emergency department use 

are unclear and may warrant further investigation. Further qualitative analysis is 

required to determine the reasons for long-term regular use as this group represents 

a substantial proportion of long-term users of the emergency department. 

6.2.3 Long-term Frequent Users 

Long-term frequent users represent older frequent emergency department users 

with ongoing frequent emergency department use. In line with previous literature, 

emergency department service use by long-term frequent users is characterised by 

high inpatient utilisation and longer length of stay compared to the long-term regular 

and long-term super users; indicating that these patients may be more medically ill 

(Kanzaria et al., 2017; Lago et al., 2019).  

This subgroup likely has significant barriers to access appropriate and timely care, 

and whose continued unmet health and social care needs culminate to the need for 

emergency department care (Gruneir et al., 2011). Therefore, more intensive 

interventions may be more suited to this subgroup, such as those that offer an 

integrated model of care that incorporates high-risk screening and individualised 

care pathway delivered by a care coordination team (Karam et al., 2015). An 

integrated model of care would also provide appropriate referrals to community-

based care teams aimed at reducing repeat emergency department visits. 

  



172 

6.2.4 Long-term Super Users 

Long-term super users represent older adults with sustained levels of emergency 

department super use over time. In the literature, patients with highly frequent or 

super emergency department use are described as less ill or injured emergency 

department patients who use the emergency department as their primary source of 

care but incur lower-than-average costs per visit (Doupe et al., 2012; Ruger et al., 

2004). Similarly, the sample of older frequent emergency department users with 

long-term super use represents a small subgroup of older emergency department 

users who are in and out of multiple emergency departments over time and have low 

admission rates.  

When comparing service outcomes of frequent emergency department users and 

with those of super emergency department use, across all age groups, targeting this 

small subgroup of frequent users is stated to have a minimal impact on emergency 

department crowding and have a modest effect on total cost (Ruger et al., 2004). 

However, among older emergency department users, a high rate of emergency 

department visits without hospitalisation is a sign of inefficiency in the health system 

to provide timely and appropriate primary care services (Or & Penneau, 2018). 

Additionally, this subgroup also visits a high number of emergency department 

providers on average. Visits to multiple emergency departments limit the 

effectiveness of care management interventions, which may miss the patients who 

visit multiple hospitals (LaCalle & Rabin, 2010). Therefore, long-term super users also 

require integrated models of care that involve a care facilitator embedded with the 

patient’s care pathway to improve communication and ongoing coordination 

between the care teams involved in the individualised care pathway (Karam et al., 

2015). 
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Figure 6.2: Subgroups of older frequent emergency department users and suggestions for targeted interventions from the literature 
review.
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6.3 Summary of Discussion 

Among the cohort of older frequent emergency department users, the analysis 

identified four groups of patients with distinct longitudinal patterns of emergency 

department utilisation. The modelling approach makes no assumption about the 

underlying population. This allows for the grouping of utilisation trajectories that 

were similar in timing and duration of states. Furthermore, the approach to 

modelling health care utilisation makes use of readily accessible data that is routinely 

collected to uncover meaningful patterns of use that may inform care planning and 

implementation. 

Older frequent emergency department users are a heterogeneous group. The 

identified subgroups provide an evidence-based quantitative overview of the 

variation in health care service utilisation by older frequent emergency department 

users. The use of longitudinal data allowed the examination of the movement of 

patients between levels of use: a noted limitation in previous literature. The study 

identified varying levels of long-term emergency department use that is yet to be 

identified in the literature. Additionally, distinguishing the subgroups based on 

clinical characteristics, service outcomes, and determinants of use provided 

inferences for targeted interventions to improve service delivery. 

In contrast to previous findings, short-term frequent users had the highest rate of 

hospitalisations indicating higher acuity of complaints. Therefore, the cohort does 

not represent predicted attrition whose issues will resolve without intervention as 

younger short-term frequent users. Instead, they require interventions that 

maximise on the short window of opportunity by providing timely information on 

admission and efficient community outreach following emergency department visits.  

The literature places importance on persistent frequent use of the emergency 

department with the assumption that interventions may be more effective. This 

study determines that the majority of older adults with long-term emergency 

department use have regular use that would indicate regular though unplanned 

management of chronic diseases. This group could be targeted for more proactive 
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health care services such as supportive services for self-care problems to prevent 

unplanned emergency department visits or transitioning into long-term frequent or 

super use. 

The literature has so far characterised differences between short-term versus long-

term frequent use. Previous literature concludes that long-term frequent users 

should be prioritised given the sustained reliance on the emergency department. This 

study goes a step further to identify older adults with long-term super use, who are 

a small but non-trivial subgroup given the negative impact of unplanned emergency 

department use on older adults and the service. Therefore, this group, like the long-

term frequent users, could benefit from access to high-intensity interventions such 

as care management focused on improving health and reducing the reliance on the 

emergency department. 
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CHAPTER 7: CONCLUSION 

Frequent use of the emergency department by older adults aged 65 years and above 

with increasingly complex health care needs is adding stress to an already 

overburdened emergency care system (Cooke et al., 2010). In some cases, frequent 

use of the emergency department by older adults aged 65 years and above results 

from persistently unmet needs that culminate in a health crisis which is viewed as an 

expression of health system failure (Gruneir et al., 2011). Decreasing frequent use of 

the emergency department that is potentially preventable may result in greater 

availability of emergency department resources to those having medical 

emergencies. Therefore, research on this aspect of emergency care utilisation will 

continue as health care reform and emergency department overcrowding remain 

critical issues within and beyond secondary care. 

This thesis models longitudinal patterns of emergency department use of older 

frequent emergency department users. The analysis used State Sequence Analysis 

and Cluster Analysis to determine regularities in utilisation trajectories that represent 

patterns of use. Further statistical analysis is undertaken to characterise the patterns 

of use based on the characteristics of subgroups and determinants of use. This 

section concludes the thesis by summarising the research contributions and future 

research directions and the study limitations. 

7.1 Research Contributions and Future Research 

Several aspects highlight the relevance of this research. First, the proposed 

methodological framework based on state sequence analysis offers a relatively new 

approach to analysing longitudinal patterns of use. Previous approaches simplified 

longitudinal patterns of use to either dichotomised variable or transitions between 

utilisation states over time. Instead, sequence analysis places the temporal ordering 

within utilisation trajectories at the centre of the analysis making the differences in 

temporal ordering between cases significant and of interest. Sequence analysis of 

ambulatory and hospital use over time is a growing area that seeks to determine 

patterns of ambulatory and emergency department use over time and test if they are 
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associated with health and service outcomes (Carmichael & Ercolani, 2016; Hougham 

et al., 2014; Le Meur et al., 2018). The proposed framework builds on Roux et al. 

(2018) framework by including sensitivity analysis of the discovered sequence 

patterns to ensure robustness of the final result. More specifically, the framework 

allows one to explore the impact of the use of different dissimilarity measures 

sensitive to timing and spell duration on the final result.    

Further research should examine co-occurring use of emergency care with primary 

care, behavioural health and or community care services using an extension of 

Sequence Analysis, Multichannel Sequence Analysis (Gauthier et al., 2010). A 

limitation of this and many other studies is that only one type of health care service 

use is investigated at a time (Hastings et al., 2014). The analysis of utilisation patterns 

of multiple types of health care services in parallel would allow for the investigation 

of these patterns in context with one another to examine the association between 

emergency department visits and the use of other health care services such as 

primary and supportive care among older adults. 

Second, the heterogeneity among older frequent emergency department users 

contributes to ineffective development of service interventions, with interventions 

needing to target specific subgroups (Lago et al., 2019). This research examines the 

longitudinal patterns of use by older frequent emergency department users to 

provide a better understanding of their emergency department use and define 

meaningful subgroups of older frequent emergency department users with similar 

patterns of use for interventions.  

The contribution to health care service research can be seen in the detection of 

distinct patterns of emergency department utilisation over an extended period. The 

resulting four patterns, namely: short-term frequent use, long-term regular use, 

long-term frequent use and long-term super use, segment older frequent emergency 

department users into distinct subgroups. The characterisation of these long-term 

patterns of use contributes to policy and practice by identifying distinct subgroups of 

older frequent emergency department users that would inform the deployment of 

appropriate interventions and better targeting of health care resources. Effective 
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identification and targeting of subgroups of older frequent emergency department 

users would maximise the efficiency of dedicated interventions. 

Further research into the utility of the patterns of use in practice would require 

validation studies, ideally on a different population, to examine the validity of the 

established subgroups. Once validated, the subgroups would offer health systems 

and policymakers a means to understand future patterns of use based on readily 

available data. The subgroups of older frequent emergency department users 

provide a means to further investigate frequent use through qualitative studies on 

the reasons for frequent use (Martin et al., 2011). The reasons for frequent 

emergency department use are likely to be more similar among groups and provide 

the opportunity to contrast reasons between groups providing insights to address 

frequent emergency department use better.  

Third, this research contributes to health service research by utilising Hospital 

Episode Statistics administrative database that contains routinely collected 

information embedded in large volumes of data for building utilisation trajectories 

and extracting patterns of use. Previous literature has utilised similar administrative 

datasets in the analysis of health care service utilisation in settings outside the United 

Kingdom (Birmingham et al., 2019; Kanzaria et al., 2017; Kuwornu et al., 2016b; Lago 

et al., 2019; Zayas et al., 2016).  

The longitudinal nature of hospital administrative data allows for the tracking of the 

utilisation trajectories retrospectively or prospectively over health care providers 

with long follow-up periods. The longitudinal nature of the data also allows the 

tracking of patient hospital utilisation history that goes beyond the possible duration 

of the impact of an intervention or service improvement. Trends can be analysed to 

see the long term impact of interventions and changes in the population outcomes 

allowing for better causal inference (Roland et al., 2005). The large sample size 

affords comprehensive population coverage, making it possible to create 

representative cohorts and is less prone to attrition, non-response and reporting bias 

(Herbert et al., 2017). Linkage to other administrative data provides avenues for 

further research into utilisation patterns in the broader health system.  
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7.2 Limitations 

It should be noted that while hospital administrative data provides an invaluable 

resource for comprehensive data on healthcare utilisation, extensive data 

manipulation was needed. Furthermore, the variables extracted from hospital 

administrative data are highly skewed that complicates the analysis and makes the 

interpretations marginal. Some subgroups stand out in few of the selected variables, 

and it is difficult to establish marginal differences between the subgroups in some 

instance. Nevertheless, the study provides a starting point for more qualitative 

studies to understand the reasons for long-term emergency department use, which 

may provide further insights into how to improve health and service outcomes. 

Due to data minimisation requirements, the study was limited to a data extract 

comprising of residents in the Midlands region of England. The use of the regional 

data extract makes it difficult to generalise to the entire population in the United 

Kingdom due to regional disparities and under-representation of some ethnic groups, 

decreasing the power of our conclusions. However, this is an area of potential future 

research to validate the patterns of use. 

Diagnostic and services information was limited to the primary diagnosis, 

investigation and treatment from the emergency department encounters. Therefore, 

the research was not able to assess the reasons for the emergency department visits. 

However, reasons for emergency department use were inferred from the primary 

codes, which refer to resource intensity rather than the chief complaint, acuity, or 

reason for emergency department visit. 

Furthermore, the diagnostic information in the Accident and Emergency data does 

not follow standard diagnostic coding procedures such as the ICD-10 (International 

Classification of Diseases, Tenth Revision) or SNOMED (Systematized Nomenclature 

of Medicine). Instead, the data utilises the limited Hospital Episode Statistics data 

dictionary. This makes it difficult to measure and compare the multi-morbidity and 

disease burden with the majority of the sample’s primary emergency diagnosis coded 

as “diagnosis not classifiable”. Additionally, the literature has questioned the 
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reliability of diagnostic coding in the Accident and Emergency data as it only captures 

symptomatic rather than diagnostic clinical attributes (Dickson et al., 2017). Recent 

development has led to the deployment of a new commissioning dataset, the 

Emergency Care Data Set (ECDS), that will replace the Accident and Emergency 

dataset as the national dataset for urgency and emergency care. The Emergency Care 

Data Set provides avenues for further research on variations of emergency 

department use as it would have captured better diagnostic information in terms of 

the complexity and acuity of attending patients, which would better explain the 

causes for demand and value-addition in the emergency department (Dean, 2017). 

The study could not link to the Office for National Statistics mortality data for deaths 

in the community. Out of hospital mortality is not routinely collected in hospital 

administrative data. The analysis, therefore, could not control for mortality in 

community settings. Therefore, individuals who died outside of the hospital within 

the observation period could not be excluded from the analysis. Hence, this could be 

one of the reasons for short-term frequent use. 

Finally, the multinomial regression models identifying the determinants of the 

patterns of emergency department use modelled the effect of sociodemographic and 

baseline utilisation measured at the start of the period of frequent use. Therefore, 

there was no confounding between the independent and dependent variables, a 

noted limitation in previous literature that utilised variables measured throughout 

the study period (Lago et al., 2019). 

However, like other large hospital administrative data, social and behavioural 

determinants that would increase the risk of frequent use such as access to primary 

care services, supportive care, isolation, self-care problems, perceived health status 

and patient satisfaction are not routinely collected (Gruneir et al., 2011). Therefore, 

important social and behavioural factors were not examined, which would possibly 

explain the patterns of use better than the current model. Future research should 

take up opportunities for health research provided by linking routinely collected 

English hospital administrative datasets and longitudinal health and or population 

surveys (Husain et al., 2012). 
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APPENDIX 

Appendix A High-level Fields within the HES AE and APC datasets 

Appendix A.1 HES Accident and Emergency Schema 

The key fields in the Accident and Emergency dataset are summarised in Table A.1. 

The data dictionary of approximately 160 fields is published by NHS digital (NHS 

Digital, 2020).  

Table A.1: High-level fields within the HES Accident and Emergency 

Identifiers Clinical 
Information 

Demographic 
Information 

Administrative 

HESID (subject to 
each data sharing 
agreement) 

Incident location Age (years) at 
arrival 

Arrival mode 
(ambulance or 
other) 

Appointment ID, 
Data (scheduled 
AE visits) 

Patient group (e.g., 
road traffic 
accident, sports 
injury) 

Gender Attendance 
Category (first 
attendance or 
follow-up) 

Arrival and 
discharge date 
and time 

Diagnosis (up to 12 
primary and 
secondary 
diagnoses) 

Indices of 
Multiple 
Deprivation 

Disposal method 
(e.g., admitted, 
died, referred) 

 Anatomical area 
and side 

Health, electoral 
and census 
geographies 

Source for referral 
(e.g., self, GP, 
police, social 
services) 

 AE investigation 
(e.g., x-ray, 
haematology) 

Ethnic group Visit duration 

 AE treatment (e.g., 
guidance and 
advice, medicine 
administration) 

  

 Registered GP 
practice 

  

Source: Boyd et al. (2017)  
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Appendix A.2 HES Admitted Patient Care Schema 

The key fields in the Accident and Emergency dataset are summarised in Table A.2. 

The data dictionary of approximately 284 fields is published by NHS digital (NHS 

Digital, 2020).  

Table A.2: High-level fields within HES Admitted Patient Care dataset 

Identifiers Clinical 
Information 

Demographic 
Information 

Administrative 

HESID  
(subject to each 
data sharing 
agreement) 

Diagnoses (up to 
20 primary and 
secondary) and 
Operations (up to 
24)  

Age (years) at 
admission 

Method of 
admission (e.g., 
elective or 
emergency, birth, 
transfer)  
 

Episode ID Operation dates 
(up to 24) 

Gender Episodes start and 
end date, 
 
Admission and 
discharge date 
 

Date of admission Consultant 
Speciality 
(admitting and 
treating 
consultant) 

Index of Multiple 
Deprivation (IMD) 

Discharge method 
(e.g., self-
discharge, died, 
transferred)  
 

 Augmented care 
location 

Health, electoral 
and census 
geographies 

Discharge 
destination (e.g., 
home, other 
destination  
 

 Provider Code, 
Registered GP 
practice 

Ethnic group Time waited 

Source: Boyd et al. (2017) 
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Appendix B HES Accident and Emergency and Admitted Patient Care Fuzzy Linkage 

Methodology 

The record linkage fuzzy matching algorithm as in NHS Digital (2011). The conditions 

to be met uses the following variables and their corresponding values. 

Table B.1: Variables Utilised in Fuzzy Matching Algorithm 

Data Set Variable Value (NHS 
Code) 

Description 

AE Attendance 
Disposal 

01 Admitted to hospital bed/ become 
a lodged patient of the same health 
care provider  

AE Attendance 
Disposal 

07 Transferred to another healthcare 
provider 

AE AE key smallest Unique AE attendance identifier 
AE Provider Code Equal Unique hospital service provider 

identifier/ AE record identifier 
APC Admission 

Method 
21 Admission from Accident and 

emergency department of the 
Health Care Provider   

APC Admission 
Method 

28 Other admissions such as: Admitted 
from the Accident and Emergency 
Department of another provider, 
Transfer of an admitted patient 
from another Hospital Provider in 
an emergency 

APC Episode Key  Unique finished consultant episode 
identifier/ APC record identifier 
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Table B.2 summarises each fuzzy matching condition and the corresponding score if 

the conflicting records meet them, grouped according to the type of relationship 

between records with more than one match. 

Table B.2: Conditions and Corresponding Scores  
One AE attendance to many APC episodes 

Condition Score 

1 APC Admission Method = 21 &  
AE Attendance Disposal = 01 & 
APC provider = AE provider 

16 

2 APC Admission Method = 28 & 
AE Attendance Disposal = 07 & 
APC Provider Code != AE Provider Code 

16 

3 APC Admission Method = 21 &  
Attendance Disposal = 01 || 
APC Admission Method = 28 &  
AE Attendance Disposal = 07 

8 

4 The most populated record 2 
5 Record with the smallest key 1 
   
Many AE attendances to one APC episode (in addition to above) 

Condition Score 

6 Latest A&E Arrival Time and Date 4 
7 The most complete (populated) record 2 
8 Record with the highest AE Key 1 
   
Many AE attendances to Many APC Episodes (step 1 and 2 above remain 
unchanged) 

Condition Score 

3 APC Admission Method = 21 & Attendance Disposal = 01 8 
4 APC Admission Method = 28 & AE Attendance Disposal = 07 8 
5 Earliest A&E Arrival Time and Date 4 
6 Earliest APC Discharge Date 4 
7 The most complete (populated) record 2 
8 Record with the smallest APC Key  
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Appendix C NHS Data Dictionary AE 2n Diagnosis, Investigation and Treatment 

Codes 

AE diagnosis, investigation and treatment codes at the 2n-character level from the 

NHS HES data Dictionary (NHS Digital, 2020). The codes discussed in the thesis are 

highlighted in yellow. 

Table C.1: NHS AE 2n Diagnosis, Investigation and Treatment Codes and 
Corresponding Values 

 2n 
Codes Value 

D
ia

gn
o

si
s 00 AE Diagnosis 

01  Laceration 
02  Contusion/abrasion 
03  Soft tissue inflammation 
04  Head injury 
05  Dislocation/fracture/joint injury/amputation 
06  Sprain/ligament injury 
07  Muscle/tendon injury 
08  Nerve injury 
09  Vascular injury 
10  Burns and scalds 
11  Electric shock 
12  Foreign body 
13  Bites/stings 
14  Poisoning (including overdose) 
15  Near drowning 
16  Visceral injury 
17  Infectious disease 
18  Local infection 
19  Septicaemia 
20  Cardiac conditions 
21  Cerebro-vascular conditions 
22  Other vascular conditions 
23  Haematological conditions 
24  Central nervous system conditions (excluding stroke) 
25  Respiratory conditions 
26  Gastrointestinal conditions 
27  Urological conditions (including cystitis) 
28  Obstetric conditions 
29  Gynaecological conditions 
30  Diabetes and other endocrinological conditions 
31  Dermatological conditions 
32  Allergy (including anaphylaxis) 
33  Facio-maxillary conditions 
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34  ENT conditions 
35  Psychiatric conditions 
36  Ophthalmological conditions 
37  Social problems (including chronic alcoholism and homelessness) 
38  Diagnosis not classifiable 
39  Nothing abnormal detected 
I80 Phlebitis and thrombophlebitis 
L03 Cellulitis 

In
ve

st
ig

at
io

n
 01  X-ray plain film 

02  Electrocardiogram 
03  Haematology 
04  Crossmatch blood/group & save serum for later crossmatch 
05  Biochemistry 
06  Urinalysis 
07  Bacteriology 
08  Histology 
09  Computerised tomography (retired 2006) 
10  Ultrasound 
11  Magnetic resonance imaging 

12 
 Computerised tomography (excluding genitourinary contrast 
examination/tomography) 

13  Genitourinary contrast examination/tomography 
14  Clotting studies 
15  Immunology 
16  Cardiac enzymes 
17  Arterial/capillary blood gas 
18  Toxicology 
19  Blood culture 
20  Serology 
21  Pregnancy test 
22  Dental investigation 
23  Refraction, orthoptic tests and computerised visual fields 
24  None 
99  Other 

Tr
e

at
m

e
n

t 01  Dressing 
02  Bandage/support 
03  Sutures 
04  Wound closure (excluding sutures) 
05  Plaster of Paris 
06  Splint 
07  Prescription (retired 2006) 
08  Removal of foreign body 
09  Physiotherapy 
10  Manipulation 
11  Incision and drainage 
12  Intravenous cannula 
13  Central line 
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14  Lavage/emesis/charcoal/eye irrigation 

15 
 Intubation & Endotracheal tubes/laryngeal mask airways/rapid 
sequence induction 

16  Chest drain 
17  Urinary catheter/suprapubic 
18  Defibrillation/pacing 
19  Resuscitation/cardiopulmonary resuscitation 
20  Minor surgery 
21  Observation/electrocardiogram,pulse oximetry/head injury/trends 
22  Guidance/advice only 
23  Anaesthesia 
24  Tetanus 
25  Nebulise/spacer 
27  Other (consider alternatives) 
28  Parenteral thrombolysis 
29  Other parenteral drugs 
30  Recording vital signs 
31  Burns review 
32  Recall/x-ray review 
33  Fracture review 
34  Wound cleaning 
35  Dressing/wound review 
36  Sling/collar cuff/broad arm sling 
37  Epistaxis control 
38  Nasal airway 
39  Oral airway 
40  Supplemental oxygen 

41 
 Continuous positive airways pressure/nasal intermittent positive 
pressure ventilation/bag valve mask 

42  Arterial line 
43  Infusion fluids 
44  Blood product transfusion 
45  Pericardiocentesis 
46  Lumbar puncture 
47  Joint aspiration 
48  Minor plastic procedure/splint skin graft 
49  Active rewarming of the hypothermic patient 
50  Cooling - control body temperature 
51  Medication administered 
52  Occupational therapy 
53  Loan of walking aid (crutches) 
54  Social worker intervention 
55  Eye 
56  Dental treatment 
57  Prescription/medicines prepared to take away 
99  None (consider guidance/advice option) 
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Appendix D Detailed Results from Pattern Searching 

Appendix D.1 Longest Common Subsequence (LCS) 

The resulting distance matrix had an average discrepancy of 0.25. Figure D.1 shows 

the set of representative sequences and outliers. The representative sequences were 

extracted using the neighbourhood density criteria that covered a minimum of 75% 

of the sequences. The threshold for redundancy between sequences was set as 10%. 

Therefore, two sequences were considered similar if the longest common 

subsequence distance was greater than 0.4. The analysis identified 33 representative 

sequences that were characterised by patterns of no visits, long-term regular or 

frequent emergency department use after the initial incidence of frequent 

emergency department use. Following Gabadinho et al. (2009) outlier sequences are 

defined as sequences with a distance measure 2.5 times the average discrepancy. 

The analysis identified 51 outlier sequences characterised by long-term frequent or 

super emergency department use. 
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Figure D.1: Representative sequences and outliers selected with the neighbourhood 
density criterion with 75% coverage threshold by the Longest Common Subsequence 
distance measure. 

The utilisation trajectories were grouped into representative sequence patterns 

using agglomerative hierarchical cluster analysis. The Ward linkage method was 

selected as it produced the best quality partitions compared to the solutions 

produced by the average linkage method and combined partitioning around medoids 

clustering. Ward linkage method identified four clusters with a weighted average 

silhouette width (ASWw) of 0.4, which was less than 0.5, indicating that the identified 

structure was weak. The within-cluster quality for each identified cluster except 

cluster two were similarly low.  

Table D.1 presents the mean duration spent in each state by clusters, which describes 

the identified pattern of use. Two dominant clusters counted for more than 90% of 

the sample, namely cluster two and four. Cluster two had the highest frequency of 

emergency department users whose utilisation trajectories were characterised 
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predominantly by long periods of no visits following the initial period of frequent use. 

On the other hand, cluster four that captured 40% of the utilisation trajectories, 

represented patterns of use characterised predominantly by long periods of regular 

use following the initial period of frequent use. Cluster one and three captured less 

than 10% of the utilisation trajectories. Cluster one represents patterns of use 

characterised by long periods of frequent use. Lastly, cluster three represented 

patterns of use characterised by long periods of super use coupled with frequent use 

and was the least frequent to occur. 

Table D.1: ASWw within-cluster and Mean (SD) duration spent in years as a 
proportion of total time spent in each state 

Cluster n ASWw No Visits Regular 
Use 

Frequent 
Use 

Super Use 

1 1,029 
(7.8 %) 

0.266 0.089 
(0.110) 

0.241 
(0.164) 

0.658 
(0.160) 

0.013 
(0.051) 

2 6,800 
(51.8%) 

0.596 0.731 
(0.139) 

0.071 
(0.098) 

0.196 
(0.093) 

0.002 
(0.030) 

3 51 
(0.4%)  

0.288 0.075 
(0.102) 

0.039 
(0.086) 

0.330 
(0.179) 

0.556 
(0.176) 

4 5,251 
(40 %) 

0.171 0.318 
(0.169) 

0.456 
(0.157) 

0.225 
(0.095) 

0.002 
(0.019) 

 

The sequence frequency plot in Figure D.2 displays the ten most frequent sequences 

in each cluster, with the bar widths proportional to the sequence frequency. The 

sequence frequency plot provided further information on the content of each cluster 

and the cohesiveness of each cluster. Cluster one and three comprised of patterns of 

use characterised by long-term frequent use and super use respectively while cluster 

two and four represented patterns of use characterised by no use following the initial 

period of frequent use and long-term regular use respectively. The diversity of the 

utilisation sequences is still considerably high in all clusters except cluster two in 

which the ten most frequent sequences captured more than 90% of the sequences. 
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Figure D.2: 10 most frequent sequences in each cluster from the distance matrix 
measured using the longest common subsequence distance measure. 

Figure D.3 presents the 4-cluster partitioning of the 378 weighted sequences 

summarised using the representative sequences, which provides a better description 

of the patterns represented by each cluster. The representative sequences also 

confirmed the high diversity of the utilisation patterns that feature in some of the 

clusters. The first cluster represented sequences with long spells of frequent use 

followed by regular or no visits. The eleven representative sequences covered only 

25.7% of the sequences in the cluster. Cluster two had a single representative 

sequence, which covered 49.3% of the sequences in the cluster. The representative 

sequence pattern was characterised by a long period of no visits following the initial 

period of frequent use. Hence, this cluster was characterised by short-term frequent 

use. The third cluster had nine non-redundant sequences that covered only 27.5% of 

the sequences in the cluster and were characterised by long-term super use. Lastly, 

cluster four had ten non-redundant sequences, which covered 26% of the sequences 

in the cluster characterised by patterns of intermediate regular use following the 

initial period of frequent use. 
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Figure D.3: Representative sequences by clusters from the Longest Common 
Subsequence distance matrix measured using the longest common subsequence 
distance matrix. Candidate list sorted using neighbourhood density criterion with 
25% coverage threshold and a neighbourhood radius of 0.1. 

Appendix D.2 Optimal Matching of Spells (OMspell)  

The dissimilarity matrix had an average discrepancy of 1.766 with a maximum 

distance of 10.4. The representative sequences by cluster are summarised in Figure 

D.4. Thirteen representative sequences were identified using the neighbourhood 

density criterion with a neighbourhood radius of 1.04, meaning two sequences with 

a dissimilarity measure of 4.48 were considered redundant. The thirteen 

representative sequences covered 76% of the 378 unique sequences. The 

representative sequences characterised patterns of long periods of no use following 

the initial period of frequent use or short periods of frequent or regular use after the 

initial period of frequent use followed by long periods of no use. 

Outliers were identified as sequences with a dissimilarity measure 2.5 times the 

average discrepancy. The outlier sequences (n =13) were characterised by patterns 
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of long periods spent in frequent or super use states. Similar to the Longest Common 

Subsequence distance measure solution, older frequent emergency user's utilisation 

trajectories were characterised by patterns of non-persistent frequent use with a 

minority having patterns of long-term frequent use. Compared to the Longest 

Common Subsequence distance measure, the Optimal Matching of Spells 

dissimilarity matrix produced a higher coverage with less representative sequences.  

 

Figure D.4: Representative Sequences derived from dissimilarity matrix measured 
using Optimal Matching of Spells dissimilarity measure with constant substitution 
costs, 0.2 indels, and high expansion cost. 

The utilisation trajectories were grouped into representative sequence patterns 

using agglomerative hierarchical cluster analysis. The average linkage method 

produced the best partition compared to Ward linkage method and combined 

partition around medoids clustering. A four-cluster solution was identified with a 

weighted average silhouette width greater than 0.51, demonstrating that the 

identified partitions have a reasonable structure. Similarly, the within-cluster 
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weighted average silhouette width was greater than 0.5 demonstrated for two of the 

four clusters. 

The best cluster analysis solution, with a weighted average silhouette width of 0.501, 

was selected from the dissimilarity matrix computed with an expansion cost and 

exponential cost of one and an indel cost set to 0.1 times the maximum substitution 

cost. The Hubert's C index was close to 0 (0.06) and lower than that obtained by the 

Longest Common Subsequence distance measure solution, indicating that the 

partitions obtained were close to the best theoretical partition that could be 

obtained given the number of clusters and the dissimilarity matrix. 

Table D.2 presents the mean duration for each state as a proportion of total time, 

giving an overview of the types of clusters identified. Cluster one comprised of 4.6% 

of the utilisation trajectories, which represented patterns of use characterised by 

long periods of frequent use predominantly. Cluster two comprised of 30.2% of the 

utilisation trajectories and represented patterns of use characterised by long periods 

of regular use. Cluster three was the smallest partition, which represented patterns 

of use characterised by long periods of super use. Cluster four was the dominant 

cluster capturing 64.7% of the utilisation trajectories whose patterns were 

characterised by a long period of no visits following the initial period of frequent use. 

Table D.2: ASWw within-cluster and Mean (SD) duration spent in years as a 
proportion of total duration in each state for each cluster 

Cluster n (%) ASWw No Visits Regular 

Use 

Frequent 

Use 

Super Use 

1 606 
(4.6) 

0.543 0.116 
(0.134) 

0.135 
(0.111) 

0.737 
(0.152) 

0.012 
(0.046) 

2 3,969 
(30.2) 

0.409 0.219 
(0.149) 

0.503 
(0.152) 

0.275 
(0.140) 

0.003 
(0.025) 

3 64 
 (0.5) 

0.346 0.104 
(0.132) 

0.055 
(0.099) 

0.326 
(0.189) 

0.516 
(0.178) 

4 8,492 
(64.7) 

0.542 0.682 
(0.162) 

0.123 
(0.144) 

0.194 
(0.080) 

0.002 
(0.022) 
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The sequence frequency plot in Figure D.5 summarised the ten most frequent 

sequences in each cluster and provided further information on the content in each 

cluster, and the cohesiveness of each cluster. Cluster one was characterised by long 

periods of frequent use with 66.7% of the sequences captured by the ten most 

frequent sequences. Cluster four was characterised by long periods of no visits 

following the initial period of frequent use with the ten most frequent sequence 

capturing 82.9% of the sequences. Cluster two was characterised by long periods of 

regular use following the initial period of frequent use; however, the ten most 

frequent sequences only captured 40.2% of the sequences. Lastly, cluster three was 

characterised by long periods of super use; the ten most frequent sequences 

captured 32.8% of the sequences in this cluster. In summary, there was more residual 

heterogeneity in cluster two and three indicated by the low weighted average 

silhouette width, and the ten most frequent sequences captured less than half of the 

sequences in this cluster indicating high diversity within these two clusters.  

 

Figure D.5: Sequence frequency plot of clusters from the dissimilarity matrix 
measured using Optimal Matching of Spells dissimilarity measure with constant 
substitution costs, 0.2 indels, and high expansion cost. 
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The representative sequences for each cluster were summarised in Figure D.6, which 

provided a more interpretable view of the content of the clusters. The first cluster 

was represented by two sequences predominantly characterised by a long spell of 

frequent use. The two representative sequences covered 43% of the sequences. 

Similarly, cluster two had two representative sequences characterised by long 

periods of regular use with intermittent frequent use. The two representatives 

covered 31.3% of the sequences in that cluster. Cluster three also had two 

representative sequences with coverage of 28.1% characterised by at last two 

periods of super use with intermittent regular or frequent use. Lastly, cluster four 

had a single representative sequence that covered 39.6% of the sequences 

characterised by a long period of regular use. 

 

Figure D.6: Representative sequences by clusters from the dissimilarity matrix 
measured using Optimal Matching of Spells dissimilarity measure with constant 
substitution costs, 0.2 indels, and high expansion cost. The candidate list sorted using 
neighbourhood density criteria, with 25% coverage threshold and a neighbourhood 
radius of 0.1. 
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Appendix D.3 Hamming Distance (HAM) 

Figure D.7 plots the representative sequences plotted bottom-up according to their 

representative score. The representative score was calculated using the 

neighbourhood density score with a coverage threshold of 75% and a neighbourhood 

radius of 0.1, meaning two sequences with a distance greater than 0.45 were 

considered as similar. Hamming Distance identified representative sequences similar 

to those identified using LCS. Among the 378 distinct sequences, 33 sequences were 

found as representative with a coverage of 76% of the sequences. The representative 

sequences represent utilisation patterns with long periods in no visits, regular use, 

and frequent use states following the initial period of frequent use. Outlier sequences 

were identified as sequences whose distances were 2.5 times the average 

discrepancy. These sequences were composed of utilisation trajectories in which 

more than half of the period was spent in the super use state. 

 

Figure D.7: Representative sequences from dissimilarity matrix measured using 
Hamming Distance measure. 

The utilisation trajectories were grouped into representative sequence patterns 

using hierarchical clustering using Ward linkage method. The algorithm identifies a 
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four-cluster solution had a weighted average silhouette width of 0.268, the highest 

compared to solutions obtained using the average linkage method or combined 

partitioning around medoids clustering. The Hubert's C index was the highest 

obtained compared to the previous solutions at 0.258. The structure nonetheless was 

weak with a weighted average silhouette with less than 0.50. Additionally, the within-

cluster weighted average silhouette width was less than 0.25 for two of the four 

clusters indicating that no structure was identified. 

Table D.3 presents the mean duration for each state as a proportion of total time, 

giving an overview of the types of patterns of use identified. Among the clusters, 

cluster two was the dominant cluster with approximately 51% of the older frequent 

emergency department users whose pathways were characterised predominantly by 

long periods of no visits. Cluster three captured 43.9% of the older frequent 

emergency department users whose pathways were characterised predominantly by 

long periods of regular use. While cluster one and four were the smallest clusters at 

4.4 % and 0.5% of the utilisation trajectories and represented utilisation, patterns 

characterised predominantly by long periods of frequent and super use respectively.  

Table D.3: ASWw within-cluster and Mean (SD) duration spent in years as a 
proportion of total duration in each state for each cluster 

Cluster n (%) ASWw No Visits Regular 
Use 

Frequent 
Use 

Super Use 

1 583 
(4.4) 

0.333 0.07 
(0.104) 

0.189 
(0.157) 

0.716 
(0.170) 

0.025 
(0.092) 

2 6,731 
(51.1) 

0.385 0.661 
(0.256) 

0.124 
(0.208) 

0.212 
(0.117) 

0.003 
(0.028) 

3 5,785 
(43.9) 

0.125 0.39 
(0.23) 

0.38 
(0.20) 

0.23 
(0.13) 

0.002 
(0.02) 

4 70 
(0.5%) 

0.142 0.12 
(0.12) 

0.14 
(0.21) 

0.34 
(0.20) 

0.40 
(0.24) 

 

The sequence frequency plots in Figure D.8 displays the ten most frequent sequences 

in each cluster that further characterised the sequence patterns and the diversity of 

each cluster. The first cluster was characterised by long periods spent in the frequent 

use state and intermitted regular use, with the ten most frequent sequences 

representing about 63.3% of the sequences. The second cluster is characterised by 
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long periods of no use following the initial period of frequent use. The ten most 

frequent clusters captured 77.4% of the sequences in the cluster. The third cluster 

was characterised by long periods of regular or no use capturing 60.4% of the 

sequences in the cluster. Lastly, the fourth cluster is characterised by patterns of use 

that began in the super use state followed by frequent use and then regular or no 

use, capturing older frequent users whose intensity of emergency department use 

decreases towards the end of the period. However, these patterns only represent 

40% of the sequences in this cluster. Despite the low weighted average silhouette 

width or the clusters, the ten most frequent sequence captured more than half of 

the sequences in the clusters except cluster four. 

 

Figure D.8: Sequence Frequency Plots by clusters from the dissimilarity matrix 
measured using Hamming Distance measure. 

The representative sequences summarised in Figure D.9 further described the 

patterns identified by selecting a small subset of non-redundant sequences in each 

cluster. The neighbourhood density criteria with 25% coverage threshold and a 

neighbourhood radius of 0.1 were used to sort the candidate list. Utilisation 

trajectories characterised by a long period of frequent use represented the first 

cluster. The three representative sequences cover 31.4% of the sequences in the 
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cluster. Cluster two represented by a single representative sequence described 

patterns of a long period of no visits after an initial period of frequent use. This 

pattern covered 53.4% of the sequences. Cluster three was represented by three 

representative sequences that covered 32.1% of the sequences in the cluster, 

described by long periods of regular use or no visits following the initial period of 

frequent use. Lastly, the fourth cluster was represented by six sequences 

characterised by long periods of frequent use following an initial period of super use 

that was followed by regular use or no visits towards the end of the period. The six 

representative sequences cover 27.1% of the sequences in the cluster. 

 

Figure D.9: Representative sequences by cluster from dissimilarity matrix measured 
using Hamming Distance measure. 
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Appendix E Detailed Results of Older Frequent Emergency Department User 

Characteristics by Subgroup 

Appendix E.1 Summary of Most Common Primary Diagnosis by Subgroup 

Table E.1: Most common diagnosis per emergency department visits by older frequent 
emergency department user subgroup 

 
SFU 
(n=67,100) 

LRU 
(n=59,217) 

LFU 
(n=21,293) 

LSU 
(n=8,372) 

Total 
(N=155,982) 

AE Diagnosis 15,728 
(23.4%) 

12,398 
(20.9%) 

4,311 
(20.2%) 

1,685 
(20.1%) 

34,122 
(21.9%) 

Diagnosis not 
classifiable 

8,342 
(12.4%) 

6,788 
(11.5%) 

2,143 
(10.1%) 

1,032 
(12.3%) 

18,305 
(11.7%) 

Cardiac conditions 4,651 
(6.9%) 

4,926 
(8.3%) 

1,891 
(8.9%) 

934 
(11.2%) 

12,402 
(8.0%) 

Respiratory 
conditions 

4,258 
(6.3%) 

3,480 
(5.9%) 

1,554 
(7.3%) 

385 
(4.6%) 

9,677 
(6.2%) 

Gastrointestinal 
conditions 

2,844 
(4.2%) 

2,899 
(4.9%) 

1,144 
(5.4%) 

421 
(5.0%) 

7,308 
(4.7%) 

Urological 
conditions 

3,306 
(4.9%) 

2,145 
(3.6%) 

918 
(4.3%) 

226 
(2.7%) 

6,595 
(4.2%) 

 

Appendix E.2 Summary of Most Common Primary Investigation by Subgroup 

Table E.2: Most Common Emergency Department Primary Investigation per 
Emergency Department Visits by Older Frequent Emergency Department User 
Subgroup 

 
SFU 
(n=67,100) 

LRU 
(n=59,217) 

LFU 
(n=21,293) 

LSU 
(n=8,372) 

Total 
(n=155,982) 

X-ray plain film 21,768 
(32.4%) 

17,126 
(28.9%) 

5,980 
(28.1%) 

1,403 
(16.8%) 

46,277 
(29.7%) 

None 12,443 
(18.5%) 

11,790 
(19.9%) 

3,794 
(17.8%) 

2,417 
(28.9%) 

30444 
(19.5%) 

Electrocardiogram 7,527 
(11.2%) 

6,441 
(10.9%) 

2,456 
(11.5%) 

1,461 
(17.5%) 

17,885 
(11.5%) 

Biochemistry 6,150 
(9.2%) 

6,241 
(10.5%) 

2,619 
(12.3%) 

693 
(8.3%) 

15703 
(10.1%) 

Haematology 5,483 
(8.2%) 

4,252 
(7.2%) 

1,477 
(6.9%) 

670 
(8.0%) 

11882 
(7.6%) 

Other 4,398 
(6.6%) 

4,887 
(8.3%) 

1,647 
(7.7%) 

551 
(6.6%) 

11,483 
(7.4%) 
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Appendix E.3 Summary of Most Common Primary Treatment by Subgroup 

Table E.3: Most Common Emergency Department Primary Treatment per Emergency 
Department Visit by Older Frequent Emergency Department User Subgroup 

 
SFU 
(n=67,100) 

LRU 
(n=59,217) 

LFU 
(n=21,293) 

LSU 
(n=8,372) 

Total 
(n=155,982) 

Guidance/ 
advice 

22,951 
(34.2%) 

23,455 
(39.6%) 

8,117 
(38.1%) 

3,107 
(37.1%) 

57,630 
(36.9%) 

Intravenous cannula 10,194 
(15.2%) 

7,275 
(12.3%) 

2,695 
(12.7%) 

637 
(7.6%) 

20,801 
(13.3%) 

None 5,862 
(8.7%) 

5,256 
(8.9%) 

1,737 
(8.2%) 

1,346 
(16.1%) 

14,201 
(9.1%) 

Observation 6,364 
(9.5%) 

4,686 
(7.9%) 

1,671 
(7.8%) 

647 
(7.7%) 

13,368 
(8.6%) 

Recording vital signs 4,552 
(6.8%) 

4,971 
(8.4%) 

2,221 
(10.4%) 

1,063 
(12.7%) 

12,807 
(8.2%) 

Medication administered 3,051 
(4.5%) 

3,041 
(5.1%) 

1,217 
(5.7%) 

412 
(4.9%) 

7,721 
(4.9%) 

Other parenteral drugs 2,795 
(4.2%) 

2,346 
(4.0%) 

1,005 
(4.7%) 

151 
(1.8%) 

6,297 
(4.0%) 

 

Appendix E.4 Summary of Emergency Department Visit Characteristics 

Table E.4: Emergency Department Arrival Characteristics of Older Frequent Emergency 
Department Users per Emergency Department Visit by Older Frequent Emergency 
Department User Subgroup 

 SFU 
(n=67,100) 

LRU 
(n=59,217) 

LFU 
(n=21,293) 

LSU 
(n=8,372) 

Total 
(n=155,982) 

Arrival by 
Ambulance 

47,643 
(71.0%) 

36,561 
(61.7%) 

14,258 
(67.0%) 

5,935 
(70.9%) 

104,397 
(66.9%) 

Arrival on 
Weekend 

18,935 
(28.2%) 

16,231 
(27.4%) 

5,873 
(27.6%) 

2,374 
(28.4%) 

43,413 
(27.8%) 

Arrival Overnight 14,724 
(21.9%) 

11,919 
(20.1%) 

4,685 
(22.0%) 

1,947 
(23.3%) 

33,275 
(21.3%) 
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Appendix E.5 Mean (SD) Service Outcomes by Older Frequent Emergency 

Department User Subgroup 

Table E.5: 2011 - 2017 Mean (SD) Service Outcomes by Older Frequent Emergency 
Department User Subgroup 

 
SFU 
(N=8,492
) 

LRU 
(N=3,969
) 

LFU 
(N=606) 

LSU 
(N=64) 

Total 
(N=13,131) 

Test 
Statistic 
p-value1 

Number of 
Visits 

7.902 
(9.214) 

14.920 
(7.998) 

35.137 
(13.113) 

130.812 
(86.820) 

11.879 
(15.009) 

1355.8 
< 0.001 

Number of 
Providers 

1.467 
(1.398) 

1.822 
(1.020) 

2.007 
(1.180) 

4.000 
(7.441) 

1.612 
(1.404) 

105.9 
< 0.001 

7-day 
Emergency Re-
attendance Rate 

0.194 
(0.169) 

0.145 
(0.113) 

0.188 
(0.105) 

0.477 
(0.209) 

0.180 
(0.155) 

173.15 
< 0.001 

30-day 
Emergency Re-
attendance Rate 

0.201 
(0.162) 

0.165 
(0.112) 

0.272 
(0.105) 

0.365 
(0.166) 

0.194 
(0.148) 

226.29 
< 0.001 

90-day 
Emergency Re-
attendance Rate 

0.217 
(0.169) 

0.204 
(0.121) 

0.307 
(0.107) 

0.123 
(0.075) 

0.217 
(0.154) 

187.47 
< 0.001 

360-day 
Emergency Re-
attendance Rate 

0.174 
(0.145) 

0.286 
(0.134) 

0.190 
(0.100) 

0.024 
(0.022) 

0.208 
(0.149) 

1873.2 
< 0.001 

Non-Urgent 
Emergency 
Attendance 
Rate 

0.006 
(0.036) 

0.008 
(0.032) 

0.015 
(0.041) 

0.032 
(0.061) 

0.007 
(0.035) 

14.309 
< 0.001 

Emergency 
Department 
Conversion Rate 

0.530 
(0.293) 

0.461 
(0.257) 

0.502 
(0.248) 

0.360 
(0.247) 

0.507 
(0.282) 

65.65 
< 0.001 

Median 
Admission 
Length of Stay 

2.345 
(4.131) 

1.026 
(1.983) 

1.050 
(1.737) 

0.414 
(0.748) 

1.877 
(3.573) 

237.94 
< 0.001 

Number of 
Admission 
Spells LoS > 7 
(stranded) 

0.237 
(0.267) 

0.196 
(0.214) 

0.179 
(0.157) 

0.101 
(0.103) 

0.221 
(0.248) 

65.984 
< 0.001 

Number of 
Admission 
Spells LoS > 21 
(super-
stranded) 

0.111 
(0.195) 

0.063 
(0.125) 

0.054 
(0.090) 

0.025 
(0.042) 

0.093 
(0.174) 

149.32 
< 0.001 

1p < 0.001 comparing the four groups of older frequent users by Adjusted type II Anova 
using the heteroscedasticity-corrected coefficient covariance matrix. Pairwise 
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comparisons showed that most service outcomes differed significantly between 
pairwise groups of older frequent emergency department user at the 0.05 level.  
 

Appendix E.6 Modified Tukey-Kramer Pairwise Multiple Comparison Test 

Post hoc pairwise comparisons of service outcomes across groups using Dunnett's 

Modified Tukey-Kramer Pairwise Multiple Comparison Test with adjustments to 

account for the multiple testing, unequal sample sizes and assumption of equal 

population variances.(Mustafa et al., 2016). 

Table E.6: Modified Tukey-Kramer Pairwise Multiple Comparison Test 

   Mean 
Difference 
(i-j) 

Std. 
Error Sig. 

95% Confidence 
Interval 

          
Lower 
Bound 

Upper 
Bound 

Number of 
Visits 

SFU LRU -7.018* 0.162 0.001 -7.44 -6.59 

    LFU -27.235* 0.542 0.000 -28.67 -25.81 
    LSU -122.911* 10.853 0.000 -152.34 -93.48 
  LRU SFU 7.018* 0.162 0.001 6.59 7.44 
    LFU -20.217* 0.548 0.000 -21.66 -18.77 
    LSU -115.893* 10.853 0.000 -145.33 -86.46 
  LFU SFU 27.235* 0.542 0.000 25.81 28.67 
    LRU 20.217* 0.548 0.000 18.77 21.66 
    LSU -95.676* 10.866 0.000 -125.14 -66.21 
  LSU SFU 122.911* 10.853 0.000 93.48 152.34 
    LRU 115.893* 10.853 0.000 86.46 145.33 
    LFU 95.676* 10.866 0.000 66.21 125.14 

Number of 
Providers 

SFU LRU -.354* 0.022 0.000 -0.41 -0.30 

    LFU -.539* 0.050 0.000 -0.67 -0.41 
    LSU -2.533* 0.930 0.049 -5.06 -0.01 
  LRU SFU .354* 0.022 0.000 0.30 0.41 
    LFU -.185* 0.051 0.002 -0.32 -0.05 
    LSU -2.178 0.930 0.125 -4.70 0.34 
  LFU SFU .539* 0.050 0.000 0.41 0.67 
    LRU .185* 0.051 0.002 0.05 0.32 
    LSU -1.993 0.931 0.195 -4.52 0.53 
  LSU SFU 2.533* 0.930 0.049 0.01 5.06 
    LRU 2.178 0.930 0.125 -0.34 4.70 
    LFU 1.993 0.931 0.195 -0.53 4.52 
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7-day re-
attendance 
rate 

SFU LRU .049093* 0.002570 0.000 0.04234 0.05585 

    LFU 0.005345 0.004646 0.822 -0.00690 0.01760 
    LSU -.283458* 0.026242 0.000 -0.35460 -0.21231 
  LRU SFU -.049093* 0.002570 0.000 -0.05585 -0.04234 
    LFU -.043748* 0.004630 0.000 -0.05596 -0.03154 
    LSU -.332552* 0.026239 0.000 -0.40369 -0.26141 
  LFU SFU -0.005345 0.004646 0.822 -0.01760 0.00690 
    LRU .043748* 0.004630 0.000 0.03154 0.05596 
    LSU -.288804* 0.026523 0.000 -0.36062 -0.21699 
  LSU SFU .283458* 0.026242 0.000 0.21231 0.35460 
    LRU .332552* 0.026239 0.000 0.26141 0.40369 
    LFU .288804* 0.026523 0.000 0.21699 0.36062 

30-day re-
attendance 
rate 

SFU LRU .036599* 0.002501 0.000 0.03002 0.04318 

    LFU -.070927* 0.004626 0.000 -0.08313 -0.05873 
    LSU -.163794* 0.020849 0.000 -0.22031 -0.10728 
  LRU SFU -.036599* 0.002501 0.000 -0.04318 -0.03002 
    LFU -.107526* 0.004638 0.000 -0.11976 -0.09530 
    LSU -.200394* 0.020852 0.000 -0.25692 -0.14387 
  LFU SFU .070927* 0.004626 0.000 0.05873 0.08313 
    LRU .107526* 0.004638 0.000 0.09530 0.11976 
    LSU -.092868* 0.021212 0.000 -0.15025 -0.03548 
  LSU SFU .163794* 0.020849 0.000 0.10728 0.22031 
    LRU .200394* 0.020852 0.000 0.14387 0.25692 
    LFU .092868* 0.021212 0.000 0.03548 0.15025 

90-day re-
attendance 
rate 

SFU LRU .012574* 0.002649 0.000 0.00560 0.01955 

    LFU -.089651* 0.004730 0.000 -0.10212 -0.07718 
    LSU .093986* 0.009602 0.000 0.06800 0.11997 
  LRU SFU -.012574* 0.002649 0.000 -0.01955 -0.00560 
    LFU -.102225* 0.004764 0.000 -0.11479 -0.08966 
    LSU .081412* 0.009618 0.000 0.05539 0.10743 
  LFU SFU .089651* 0.004730 0.000 0.07718 0.10212 
    LRU .102225* 0.004764 0.000 0.08966 0.11479 
    LSU .183637* 0.010386 0.000 0.15574 0.21153 
  LSU SFU -.093986* 0.009602 0.000 -0.11997 -0.06800 
    LRU -.081412* 0.009618 0.000 -0.10743 -0.05539 
    LFU -.183637* 0.010386 0.000 -0.21153 -0.15574 

360-day re-
attendance 
rate 

SFU LRU -.112092* 0.002646 0.001 -0.11907 -0.10512 

    LFU -.016472* 0.004360 0.001 -0.02797 -0.00497 
    LSU .149982* 0.003201 0.000 0.14141 0.15855 
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  LRU SFU .112092* 0.002646 0.001 0.10512 0.11907 
    LFU .095621* 0.004589 0.000 0.08352 0.10772 
    LSU .262075* 0.003506 0.000 0.25274 0.27141 
  LFU SFU .016472* 0.004360 0.001 0.00497 0.02797 
    LRU -.095621* 0.004589 0.000 -0.10772 -0.08352 
    LSU .166454* 0.004930 0.000 0.15342 0.17948 
  LSU SFU -.149982* 0.003201 0.000 -0.15855 -0.14141 
    LRU -.262075* 0.003506 0.000 -0.27141 -0.25274 
    LFU -.166454* 0.004930 0.000 -0.17948 -0.15342 

Non-urgent 
rate 

SFU LRU -.002044* 0.000643 0.010 -0.00374 -0.00035 

    LFU -.008741* 0.001701 0.000 -0.01323 -0.00425 
    LSU -.025908* 0.007683 0.008 -0.04674 -0.00507 
  LRU SFU .002044* 0.000643 0.010 0.00035 0.00374 
    LFU -.006696* 0.001733 0.001 -0.01127 -0.00213 
    LSU -.023863* 0.007691 0.017 -0.04471 -0.00301 
  LFU SFU .008741* 0.001701 0.000 0.00425 0.01323 
    LRU .006696* 0.001733 0.001 0.00213 0.01127 
    LSU -0.017167 0.007850 0.175 -0.03840 0.00407 
  LSU SFU .025908* 0.007683 0.008 0.00507 0.04674 
    LRU .023863* 0.007691 0.017 0.00301 0.04471 
    LFU 0.017167 0.007850 0.175 -0.00407 0.03840 

Admission 
Rate 

SFU LRU .068681* 0.005170 0.001 0.05505 0.08231 

    LFU 0.027554 0.010579 0.055 -0.00035 0.05546 
    LSU .169483* 0.031099 0.000 0.08520 0.25377 
  LRU SFU -.068681* 0.005170 0.001 -0.08231 -0.05505 
    LFU -.041127* 0.010880 0.001 -0.06982 -0.01244 
    LSU .100802* 0.031203 0.012 0.01627 0.18534 
  LFU SFU -0.027554 0.010579 0.055 -0.05546 0.00035 
    LRU .041127* 0.010880 0.001 0.01244 0.06982 
    LSU .141929* 0.032540 0.000 0.05417 0.22969 
  LSU SFU -.169483* 0.031099 0.000 -0.25377 -0.08520 
    LRU -.100802* 0.031203 0.012 -0.18534 -0.01627 
    LFU -.141929* 0.032540 0.000 -0.22969 -0.05417 

Median 
Length of 
Stay 

SFU LRU 1.3190* 0.0548 0.000 1.176 1.463 

    LFU 1.2946* 0.0836 0.000 1.074 1.515 
    LSU 1.9309* 0.1037 0.000 1.652 2.209 
  LRU SFU -1.3190* 0.0548 0.000 -1.463 -1.176 
    LFU -0.0244 0.0773 1.000 -0.228 0.179 
    LSU .6119* 0.0987 0.000 0.346 0.878 
  LFU SFU -1.2946* 0.0836 0.000 -1.515 -1.074 
    LRU 0.0244 0.0773 1.000 -0.179 0.228 
    LSU .6363* 0.1172 0.000 0.324 0.948 
  LSU SFU -1.9309* 0.1037 0.000 -2.209 -1.652 
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    LRU -.6119* 0.0987 0.000 -0.878 -0.346 
    LFU -.6363* 0.1172 0.000 -0.948 -0.324 
Stranded 
rate 

SFU LRU .041218* 0.004465 0.001 0.02945 0.05299 

    LFU .057893* 0.007007 0.000 0.03942 0.07637 
    LSU .136090* 0.013159 0.000 0.10051 0.17168 
  LRU SFU -.041218* 0.004465 0.001 -0.05299 -0.02945 
    LFU 0.016675 0.007232 0.121 -0.00239 0.03574 
    LSU .094872* 0.013281 0.000 0.05899 0.13075 
  LFU SFU -.057893* 0.007007 0.000 -0.07637 -0.03942 
    LRU -0.016675 0.007232 0.121 -0.03574 0.00239 
    LSU .078197* 0.014336 0.000 0.03973 0.11666 
  LSU SFU -.136090* 0.013159 0.000 -0.17168 -0.10051 
    LRU -.094872* 0.013281 0.000 -0.13075 -0.05899 
    LFU -.078197* 0.014336 0.000 -0.11666 -0.03973 

Super-
stranded 
Rate 

SFU LRU .048474* 0.002903 0.000 0.04085 0.05610 

    LFU .056787* 0.004234 0.000 0.04563 0.06795 
    LSU .085995* 0.005619 0.000 0.07088 0.10111 
  LRU SFU -.048474* 0.002903 0.000 -0.05610 -0.04085 
    LFU 0.008313 0.004174 0.249 -0.00269 0.01932 
    LSU .037521* 0.005573 0.000 0.02252 0.05253 
  LFU SFU -.056787* 0.004234 0.000 -0.06795 -0.04563 
    LRU -0.008313 0.004174 0.249 -0.01932 0.00269 
    LSU .029209* 0.006369 0.000 0.01222 0.04620 
  LSU SFU -.085995* 0.005619 0.000 -0.10111 -0.07088 
    LRU -.037521* 0.005573 0.000 -0.05253 -0.02252 
    LFU -.029209* 0.006369 0.000 -0.04620 -0.01222 

*. The mean difference is significant at the 0.05 level. 
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Appendix F Detailed Results of Determinants of Patterns of Use 

Appendix F.1 Initial Demographics by Cluster 

Initial descriptive statistics of demographics by cluster, which depicts small and 

empty cells for some categories that needed to be merged to carry out the 

multinomial logistic regression. 

Table F.1: Baseline Demographics and Patient Characteristics by the Pattern of 
Emergency Department Utilisation 

 SFU 
(N=8492) 

LRU 
(N=3969) 

LFU 
(N=606) 

LSU 
(N=64) 

Total 
(N=13131) 

Ethnicity      

 N-Miss 350 19 1 0 370 

 White 
7648 
(93.9%) 

3499 
(88.6%) 

529 
(87.4%) 

58 
(90.6%) 

11734 
(92.0%) 

 Mixed 17 (0.2%) 15 (0.4%) 3 (0.5%) 0 (0.0%) 35 (0.3%) 

 Asian 
304 
(3.7%) 

276 
(7.0%) 

50 (8.3%) 3 (4.7%) 
633 
(5.0%) 

 
Caribbean/African 

124 
(1.5%) 

119 
(3.0%) 

21 (3.5%) 0 (0.0%) 
264 
(2.1%) 

 Chinese 9 (0.1%) 5 (0.1%) 0 (0.0%) 0 (0.0%) 14 (0.1%) 

 Other 40 (0.5%) 36 (0.9%) 2 (0.3%) 3 (4.7%) 81 (0.6%) 

IMD Decile Group      

 N-Miss 9 0 0 0 9 

 Least deprived 
10% 

517 
(6.1%) 

239 
(6.0%) 

31 (5.1%) 3 (4.7%) 
790 
(6.0%) 

 Less deprived 10-
20% 

629 
(7.4%) 

245 
(6.2%) 

29 (4.8%) 4 (6.2%) 
907 
(6.9%) 

 Less deprived 20-
30% 

819 
(9.7%) 

312 
(7.9%) 

23 (3.8%) 4 (6.2%) 
1158 
(8.8%) 

 Less deprived 30-
40% 

860 
(10.1%) 

346 
(8.7%) 

44 (7.3%) 3 (4.7%) 
1253 
(9.5%) 
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 Less deprived 40-
50% 

885 
(10.4%) 

370 
(9.3%) 

58 (9.6%) 6 (9.4%) 
1319 
(10.1%) 

 More deprived 
10-20% 

1029 
(12.1%) 

516 
(13.0%) 

97 
(16.0%) 

13 
(20.3%) 

1655 
(12.6%) 

 More deprived 
20-30% 

927 
(10.9%) 

429 
(10.8%) 

79 
(13.0%) 

5 (7.8%) 
1440 
(11.0%) 

 More deprived 
30-40% 

830 
(9.8%) 

429 
(10.8%) 

64 
(10.6%) 

6 (9.4%) 
1329 
(10.1%) 

 More deprived 
40-50% 

882 
(10.4%) 

407 
(10.3%) 

61 
(10.1%) 

7 (10.9%) 
1357 
(10.3%) 

 Most deprived 
10% 

1105 
(13.0%) 

676 
(17.0%) 

120 
(19.8%) 

13 
(20.3%) 

1914 
(14.6%) 

Rural/Urban 
Indicator 

     

 N-Miss 9 0 0 0 9 

 Urban-sparse 80 (0.9%) 41 (1.0%) 4 (0.7%) 0 (0.0%) 
125 
(1.0%) 

 Town-sparse 35 (0.4%) 17 (0.4%) 3 (0.5%) 0 (0.0%) 55 (0.4%) 

 Village-Sparse 55 (0.6%) 33 (0.8%) 2 (0.3%) 0 (0.0%) 90 (0.7%) 

 Hamlet-sparse 30 (0.4%) 6 (0.2%) 0 (0.0%) 0 (0.0%) 36 (0.3%) 

 Urban-less sparse 
6603 
(77.8%) 

3231 
(81.4%) 

515 
(85.0%) 

55 
(85.9%) 

10404 
(79.3%) 

 Town-less sparse 
815 
(9.6%) 

315 
(7.9%) 

45 (7.4%) 4 (6.2%) 
1179 
(9.0%) 

 Village-less 
sparse 

655 
(7.7%) 

238 
(6.0%) 

31 (5.1%) 3 (4.7%) 
927 
(7.1%) 

 Hamlet-less 
sparse 

210 
(2.5%) 

88 (2.2%) 6 (1.0%) 2 (3.1%) 
306 
(2.3%) 
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Appendix F.2 Merged Demographics by Cluster 

Final merged ethnicity, IMD and rurality categorical variables that had empty values, 

which was used in the multinomial regression analysis. 

Table F.2: Merged Baseline Demographics and Patient Characteristics by Pattern of 
Emergency Department Utilisation  

 SFU 
(N=8,482) 

LRU 
(N=3,969) 

LFU 
(N=606) 

LSU 
(N=64) 

Total 
(N=13,121) 

p-value 

Age (years) < 0.0011 
 Mean 
(SD) 

79.684 
(8.578) 

76.364 
(7.323) 

75.361 
(7.054) 

72.750 
(6.102) 

78.446 
(8.316) 

 

Gender < 0.0012 
 Male 3845 

(45.3%) 
1708 
(43.0%) 

292 
(48.2%) 

42 
(65.6%) 

5887 
(44.9%) 

 

 Female 4637 
(54.7%) 

2261 
(57.0%) 

314 
(51.8%) 

22 
(34.4%) 

7234 
(55.1%) 

 

Ethnicity 0.00422 
 White 7638 

(90.0%) 
3499 
(88.2%) 

529 
(87.3%) 

58 
(90.6%) 

11724 
(89.4%) 

 

 Other 844 
(10.0%) 

470 
(11.8%) 

77 
(12.7%) 

6 
(9.4%) 

1397 
(10.6%) 

 

IMD Decile Group < 0.0012 
 Less 
Deprived 

3709 
(43.7%) 

1512 
(38.1%) 

185 
(30.5%) 

20 
(31.2%) 

5426 
(41.4%) 

 

 More 
Deprived 

3668 
(43.2%) 

1781 
(44.9%) 

301 
(49.7%) 

31 
(48.4%) 

5781 
(44.1%) 

 

 Most 
Deprived 

1105 
(13.0%) 

676 
(17.0%) 

120 
(19.8%) 

13 
(20.3%) 

1914 
(14.6%) 

 

Rural/Urban Indicator < 0.0012 
 Urban 6683 

(78.8%) 
3272 
(82.4%) 

519 
(85.6%) 

55 
(85.9%) 

10529 
(80.2%) 

 

 Other 1799 
(21.2%) 

697 
(17.6%) 

87 
(14.4%) 

9 
(14.1%) 

2592 
(19.8%) 

 

Baseline Admission rate < 0.0011 
 Mean 
(SD) 

0.513 
(0.315) 

0.430 
(0.314) 

0.478 
(0.303) 

0.376 
(0.286) 

0.485 
(0.317) 

 

Baseline Number of Providers < 0.0011 
 Mean 
(SD) 

1.340 
(1.275) 

1.377 
(0.616) 

1.398 
(0.665) 

2.203 
(2.304) 

1.358 
(1.103) 

 

1Kruskal-Wallis rank-sum non-parametric equivalent test for continuous variables 
when the grouping variables has more than two levels  

2Pearson's Chi-squared test for equal counts of a categorical variable across 
categories 
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Appendix F.3 Multivariate Logistic Regression Model Testing the Association 

Between Socio-Demographic Factors and Baseline Utilisation of Emergency 

Department Utilisation 

The relative risk ratios that indicate the log-odds or risk of the probability of 

belonging to the current group compared to the likelihood of belonging to the 

reference group, short term frequent use with a change in the variable in question. 

The final model explains a significant amount of the variability compared to the base 

or null model as well as the model excluding missing values with a McFadden R2 of 

0.0389. 

 McFadden R2 =  
1−𝐿𝐿𝑚𝑜𝑑

𝐿𝐿0
, (18) 

   

 

where: 
LLmod is the log likelihood value of the fitted mode, and  
LL0 is the log likelihood for the null model. 
 

 

Table F.3: Multivariate Logistic Regression Model Testing the Association Between 
Socio-Demographic Factors and Baseline Utilisation and Patterns of Emergency 
Department Utilisation 

  95% CI for Relative Risk Ratios 

 B(SE) Lower Relative 
Risk Ratio 

Upper 

Long-term Regular Use vs Short-Term Frequent Use 
Age (years) -0.046 

(0.003) *** 
0.950 0.954 0.959 

Gender  
(Reference: Female) 

    

Male -0.225 
(0.040) *** 

0.736 0.798 0.865 

Ethnicity  
(Reference: White) a 

    

Other -0.45 
(0.072) *** 

1.360 1.568 1.808 

IMD Decile 
(Reference: Less Deprived) a 

    

More Deprived 0.12 
(0.044) *** 

1.032 1.126 1.230 

Most Deprived 0.219 
(0.063) *** 

1.100 1.245 1.409 

Rural/Urban 
(Reference: Non-Urban) a 
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Urban 0.101 
(0.053) * 

0.996 1.106 1.229 

Baseline Admission Rate -0.607 
(0.064) *** 

0.479 0.544 0.618 

Baseline Number of 
providers 

0.018 
(0.025) 

0.969 1.019 1.071 

Long-term Frequent Use vs Short-term Frequent Use 
Age (years) -0.064 

(0.005) *** 
0.927 0.938 0.948 

Gender 
(Reference: Female) 

    

Male -0.066 
(0.086) 

0.790 0.936 1.108 

Ethnicity 
(Reference: White) a 

    

Other 0.461 
(0.137) *** 

1.212 1.587 2.077 

IMD Decile  
(Reference: Less Deprived) a 

    

More Deprived 0.389 
(0.099) *** 

1.214 1.477 1.796 

Most Deprived 0.513 
(0.131) *** 

1.290 1.669 2.160 

Rural/Urban 
(Reference: Non-Urban) a 

    

Urban 0.246 
(0.125) * 

0.999 1.279 1.636 

Baseline Admission Rate -0.068 
(0.137) 

0.714 0.934 1.222 

Baseline Number of 
providers 

0.030 
(0.031) 

0.968 1.029 1.094 

Long-term Super Use vs Short-Term Frequent Use 
Age (years) -0.102 

(0.019) ** 
0.869 0.903 0.937 

Gender  
(Reference: Female) 

    

Male 0.590 
(0.267) ** 

1.067 1.803 3.046 

Ethnicity 
(Reference: White) a 

    

Other -0.024 
(0.445) 

0.407 0.976 2.33 

IMD Decile  
(Reference: Less Deprived) a 

    

More Deprived 0.344 
(0.297) 

0.787 1.410 2.529 
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Most Deprived 0.540 
(0.381) 

0.814 1.717 3.624 

Rural/Urban  
(Reference: Non-Urban) a 

    

Urban 0.347 
(0.379) 

0.673 1.415 2.977 

Baseline Admission Rate -1.034 
(0.417) ** 

0.157 0.355 0.804 

Baseline Number of 
providers 

0.056 (0.03) 
* 

0.998 1.057 1.120 

Relative odds ratio based on the multinomial logistic regression analysis in which 
the dependent variable was the pattern of emergency department use. The 
reference group was short-term frequent use. All predictors were obtained from 
the Hospital Episode Statistics extract and were measured at the baseline year. a 

These categories were concatenated due to presence of small and empty cells to 
allow for the multinomial logistic regression. 

*p < .1, **p < .05, *** p < .01 
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Appendix F.4 Multinomial Regression: Sensitivity Analysis 

Sensitivity analysis using data with missing variables from IMD decile group and 

Rural/Urban Index vs Model with merged IMD decile group and Rural/Urban Index 

and using the merged data model as the base model and data with standardised 

aged, baseline admission rate and baseline number of providers.  

Table F.4: Multinomial Regression: Sensitivity Analysis 

 

Non-imputed 
data 

Imputed 
data Difference 

Standardised 
Values Difference 

Log-likelihood       

Model -10061.724 -10066.41 4.686 -10066.4 0 

Intercept-only -10469.748 
-

10474.243 4.495 -10474.2 0 

      

Chi-square         
Deviance(df=12724) 20123.449 20132.82 -9.371 20132.82 0 
LR (df=24) 816.047 815.667 0.38 815.667 0 
p-value 0 0 . 0 .  

      

R2         
McFadden 0.039 0.039 0 0.039 0 
McFadden(adjusted) 0.036 0.036 0 0.036 0 
Cox-Snell/ML 0.062 0.062 0 0.062 0 
Cragg-
Uhler/Nagelkerke 0.077 0.077 0 0.077 0 
Count 0.638 0.639 -0.001 0.639 0 
Count(adjusted) 0 0.002 -0.002 0.002 0 

      

IC         
AIC 20177.449 20186.82 -9.371 20186.82 0 
AIC divided by N 1.582 1.582 0 1.582 0 
BIC (df=27) 20378.689 20388.082 -9.393 20388.08 0 
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Appendix F.5 Marginal Effects of Baseline Demographics and Patient 

Characteristics on Pattern of Emergency Department Use 

Marginal effects examined the effect of changing the baseline socio-demographics 

and baseline utilisation on the probability of an older frequent user falling into one 

of the identified groups. Table F.5summarises the average marginal effect of each 

variable, holding all other variables at their means, on the predicted probability of 

having a given pattern of emergency department use.  

Table F.5:Marginal Effects of Baseline Demographics and Patient Characteristics by Pattern 
of Emergency Department Use 

 SFU LRU LFU LSU 

Age 
0.011 
(0.0005) *** 

-0.0088 
(0.0005) *** 

-0.0021 
(0.0002) *** 

-0.000292 
(0.00005) 
*** 

Gender (Reference: Female) 

Male 
0.045 
(0.009) *** 

-0.0473 
(0.0084) *** 

0.0001 
(0.0035) 

0.0024 
(0.001) ** 

Ethnicity (Reference: White) 

Other 
-0.107 
(0.017) *** 

0.093 
(0.0166) *** 

0.014 
(0.007) ** 

-.00064 
(0.001) 

IMD Decile (Reference: Less Deprived) 

More Deprived 
-0.035 
(0.0097) *** 

0.0198 
(0.0093) ** 

0.014 
(0.004) *** 

0.0009 
(0.0009) 

Most Deprived 
-0.059 
(0.014) *** 

0.039 
(0.0134) *** 

0.019 
(0.0059) *** 

0.0016 
(0.0014) 

Rural/Urban (Reference: Rural) 

Urban 
-0.027 
(0.011) ** 

0.0178 
(0.011) 

0.0084 
(0.0047) * 

0.00097 
(0.001) 

Baseline Admission Rate 
0.1241 
(0.014) *** 

-0.1267 
(0.013) *** 

0.0054 
(0.0055) 

-0.0029 
(0.0014) ** 

Baseline Number of 
providers 

-0.0046 
(0.006) 

0.0034 
(0.0051) 

0.0009 
(0.0011) 

0.0002 
(0.00008) * 

Marginal effects (standard error) are based on a multinomial logistic regression of each of the baseline 
demographics and patient characteristics on the probability of having a certain pattern of frequent 
emergency department use. Results are based on the multinomial logistic regression on the probability of 
being in each frequent user subgroup. The results are interpreted as the percentage point difference in the 
probability being in a frequent user subgroup relative to the change in each variable. 
The dy/dx for factor levels is the discrete change from the base level. 

* p< .1, ** p< .05, *** p< .01 
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