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Abstract 

Aim 

Injuries often result in adverse outcomes, and pre-existing comorbidities 

increase the likelihood of such outcomes. Appropriately quantifying the associations 

between comorbidity and outcomes is important in clinical settings, research and 

administration.  

Past research recommends the use of outcome- and study-specific comorbidity 

indices. To date, however, there are no outcome-specific indices for all injury patients. 

This thesis aims to derive and validate indices that capture the effect of comorbidity 

on injury outcomes. Comparisons are made with the frequently used Charlson 

Comorbidity Index (CCI) and the Elixhauser Comorbidity Measure (ECM).  

Methods 

An analysis of retrospective data was carried out, using linked hospital-

morbidity and mortality data from the State of Victoria, Australia. Two injury patient 

cohorts were selected for index derivation from the Victorian Admitted Episodes 

Dataset (VAED). The first were patients with an index hospital admission between 01 

July 2012 and 30 June 2014 (161,334 patients); followed up within the VAED for 

burden, complications, readmissions and in-hospital death. The second were patients 

with an index admission between 01 July 2006 and 30 June 2015 (614,762 patients) 

followed up for mortality (e.g., 30-days, 1-year) in the Victorian Death Index.  

Multivariable regression models were used to establish associations between 

comorbidity and injury outcomes. The newly derived comorbidity indices, the CCI and 

ECM were validated using subgroups of the Victorian data, and full hospital-admitted 

injury cohorts from the states of New South Wales (NSW) and Western Australia (WA). 



4 
 

Results 

Age and injury characteristics were found to be the greatest contributors to the 

risk of most adverse outcomes for injury patients. Associations between comorbidities 

and outcomes varied by outcome. The Australian Injury Comorbidity Indices (AICIs) 

derived in this thesis performed equally well or outperformed the CCI and ECM in 

terms of predictive abilities, and outperformed them in terms of relevance and 

parsimony. Variations were observed in subgroup validations of the AICIs. The 

performance of some AICIs were similar or better for children and non-severe injury 

compared to the full cohort, while most AICIs’ performance was poorer for older adults 

and hip fractures. External validations indicated that the AICIs are more robust for use 

in WA than NSW. Overall, the AICIs validated better than the CCI, and equally well as 

the ECM in subgroups and on interstate data. 

Conclusions 

This thesis addressed past recommendations to derive outcome- and 

population-specific indices; providing internally and externally validated injury 

comorbidity indices. The varying performances in population subgroups indicate a lack 

of other relevant baseline factors in this thesis rather than a need for subgroup-specific 

index derivations. The varying performances in two other States point more towards 

differences in data-capture than a lack of robustness of indices. A major contribution 

to the knowledge base surrounding comorbidity indices from the study was the 

validation of the frequently used CCI and ECM in large injury populations and the 

conclusions regarding their suitability for use with injury patients. Given the findings 

from this study, comorbidity indices could be best used for quantifying the risk of 

outcomes from injury-related processes adjusting for comorbidity presence. 
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1 Introduction 

 

This chapter includes a paper which was published in Annals of Epidemiology  

titled  

“Effect of comorbidity on injury outcomes: a review of existing indices” 

 (attached at the end of the chapter) 

Fernando DT, Berecki-Gisolf J, Newstead S & Ansari Z (2019a) [1] 

1.1 Background  

Injuries often result in adverse outcomes, and pre-existing comorbidities 

increase the likelihood of such outcomes. Injury-related outcomes by themselves 

could be life-threatening, or lead to functional impairment or permanent disability 

resulting in poor quality of life. When injuries require patient admission to hospital, 

there are specific adverse outcomes that could arise, during hospital stay and post- 

discharge, leaving a burden on the patients, their families, the hospitals and long-term-

care support services.  

The presence of pre-existing comorbidities (e.g., chronic diseases) increases 

the likelihood or gravity of some outcomes such as subsequent death, increased 

length of stay in hospital (LOS), increased costs, readmissions, development of 

complications, use of critical care services and the need for long-term nursing care. 

This research aims to conduct an in-depth investigation on how injury and comorbidity 

interact with each other, and impact patients and the healthcare system in terms of 

some of these outcomes, for all hospital-admitted injury patients in the state of Victoria, 

Australia. The process will involve the development of indices that capture the effect 
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of comorbidity on injury outcomes in Victoria, and, validation of the indices in the 

Australian states of New South Wales (NSW) and Western Australia (WA). 

The aims of this chapter are to: (1) provide an overview of the global burden of 

disease and injury, and injury burden in Australia, (2) introduce some of the 

terminology in this domain, (3) describe the role of comorbidity on outcomes of injury 

patients, (4) present the methods currently available for quantifying comorbidity, 

methods used to derive existing comorbidity indices, their capabilities, drawbacks and 

evolution to-date, (5) discuss the various measures of injury outcomes and (6) reveal 

some of the knowledge gaps in quantifying comorbidities for injury outcomes research. 

The chapter also states the aims of the entire thesis and the research questions to be 

addressed, and ends with a brief outline of the thesis structure.  

The main content of the chapter is based on a literature review. A narrative 

review of literature going as far back as the 1940s was carried out using specific 

themes in a chronological order. The relevant information was recorded using a study-

specific data collection form. A systematic literature review was however not 

conducted as the purpose of the literature review in this instance was to position the 

study in the context of what has gone before and what is currently taking place, which 

was adequately covered with a narrative review. Overall, more than 300 articles were 

reviewed, sourced from Google, PubMed and Google Scholar search engines.  

1.2 Global disease and injury burden  

Injury and disease are recognised globally as major sources of disease burden 

resulting in mortality, loss of functional health and disability to individuals, and costs to 

healthcare and social service systems. This constantly warrants attention from 

authorities to develop strategies to assist those affected and set up prevention 
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measures to reduce the incidence and outcome impact resulting from injury and 

disease. 

The Global Burden of Disease (GBD) 2004 [2] Update report showed that non-

communicable diseases (NCDs) account for nearly half of the disease burden among 

low- and middle-income countries and this proportion was even greater in the high-

income countries. In high-income countries, this mainly correlated to the population 

structure and the increased risk of NCDs among the older age groups [2].  

In 2004, injuries accounted for one-sixth of the global burden of disease among 

adults, and road-traffic accidents were the third leading cause of burden among those 

aged 15-44 years. Violence and self-inflicted injuries were also among the 10 leading 

causes. Interestingly, the rate of disability adjusted life years (DALYs) globally due to 

injury has been dropping since 1990. The rate of injury incidence had also dropped 

during the same period. However, the rate of the decrease in DALYs were higher than 

the rate of the decrease in incidence [3]. The slower decline in the rate of incidence of 

injury to DALY rates implies the presence of multiple mechanisms underpinning these 

patterns. The decrease in injury incidence could be attributed to measures taken to 

reduce injury occurrence such as road safety, gun control or the use of safer tools in 

industry. The larger decrease in DALY rates could be attributed to measures taken to 

increase the survivability of or full recovery from injuries; through injury mitigation 

countermeasures such as seat belt and helmet laws or through improved access to 

quality trauma care [3]. 

1.3 Disease and injury burden and trends in Australia 

According to the GBD project for 2012 [4], out of the 147,000 deaths in 

Australia, 90% were related to NCDs and 6% due to injury, which is close to the current 
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global statistic (8.6%). In 2018, 90% of deaths in Australia had a chronic disease as 

an underlying cause while 6.8% were due to injury [5]. The mortality rates (injury plus 

disease) of those living in remote and very remote Australia were 1.4 times higher than 

those living in major cities. 

The age-standardised rate of injury hospital admissions in Australia had risen 

at an average rate of 1.1% per year during the period 2007/08 to 2016/17 [6]. In 

2016/17, there were 530,000 injury admissions, and 55% of them were male, 31% 

were over the age of 65 years (among females it was even higher at 42%) and the 

leading cause was falls (41%). Rates of injury admissions rose steeply as the distance 

from major cities increased, with the rates more than double in very remote areas 

compared to cities (4,337/100,000 population vs, 1,964/100,000 population). 

1.4 Definitions  

1.4.1 Injury 

Injury could be defined using theoretical and operational concepts which 

include external causes and pathology. This project specifies injuries using external 

cause definitions. These are injuries commonly defined as ‘caused by acute exposure 

to physical agents such as mechanical energy, heat, electricity, chemicals, and 

ionizing radiation, interacting with the body in amounts or at rates that exceed the 

threshold of human tolerance’ according to Baker, O'Neill and Karpf (1992) [7].  

1.4.2 Chronic Disease 

A chronic disease is defined as a disease lasting three months or longer [8]. 

Chronic diseases generally cannot be prevented by vaccines or cured by medication, 

nor do they just disappear. Chronic diseases can take the form of communicable 

diseases (passed on from person to person, e.g., HIV/AIDS (human immunodeficiency 
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virus/acquired immunodeficiency syndrome) and NCDs (not transmitted from person 

to person, e.g., diabetes, heart disease, cancer).  

1.4.3 Outcome 

An outcome is defined as the way something turns out; a consequence. 

According to New South Wales Health, a health outcome is defined as a ‘change in 

the health of an individual, group of people or population, which is attributable to an 

intervention or series of interventions’ [9]. The intervention may be controlled or 

uncontrolled. 

1.4.4 Comorbidity 

‘Comorbidity’ was defined by Feinstein in 1970 [10] as “any distinct clinical 

entity that has co-existed or that may occur during the clinical course of a patient who 

has the index disease under study”. This describes comorbidity as the presence of 

one or more additional diseases (or conditions) co-occurring with a primary (index) 

disease or condition; or the effect of such additional conditions. The term co-morbidity 

also includes ‘non-disease’ clinical entities such as pregnancy, deliberate dieting in an 

effort to lose weight and certain symptomatic reactions, such as nausea, that may 

occur with various therapeutic manoeuvres [11]. For the purposes of this study, pre-

existing chronic diseases are considered as “comorbidities” while conditions or 

diseases that develop during the admission and are not present at admission are 

considered as “complications”. 

1.4.5 Index 

An index is generally a sign or measure of something which could include a 

combination of features. In this study the term index will be used to define a measure 

of the extent of comorbidity. This measure could take various forms including a sum 
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of binary responses (for each comorbid condition) or a score created by summing up 

individual weights (based on its effect on an outcome) obtained for each comorbidity.  

1.5 Comorbidity and injury outcomes 

The co-occurrence of injury and comorbidity are likely to increase chances of 

adverse outcomes. In certain population groups, more commonly among older adults, 

injury and chronic diseases are likely to co-occur; the result worse than the sum of its 

parts. Furthermore, former studies have demonstrated that injured people are also 

more likely to exhibit pre-existing morbid conditions over the non-injured [12, 13]. 

Outcomes and complications potentially differ for a person who incurs an injury while 

having one or more co-morbid conditions, as opposed to a person with no co-morbid 

conditions (e.g., wound recovery for a diabetic patient could take longer than for a non-

diabetic). This substantiates the need for establishing the estimated prognostic effects 

for those experiencing the combination of injury and disease. The following discussion 

of comorbidities and health outcomes, though not particular to injuries, holds true for 

injury patients as well.   

1.5.1 The importance of the association between comorbidity and outcomes 

Valderas, Starfield, Sibbald, Salisbury and Roland (2009) [14] discussed the 

importance of the correct constructs in defining comorbidity. They highlighted that the 

nature of the health condition, the relative importance of the co-occurring conditions, 

the chronology of presentation of the conditions and expanded conceptualizations 

were distinctive in defining comorbidity. Differentiating the distinct nature of the 

comorbid conditions (e.g., presence of anxiety and depression may not be considered 

as two different comorbidities), identifying index and non-index conditions, identifying 

complications, time and sequence of conditions and patient characteristics are 
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considered important. The constructs should depend on the setting and application, 

such as clinical care, epidemiology and public health or resource allocation. In health 

service research, especially in resource allocation, the interactions or the sum of 

effects of co-existing conditions are considered as important determinants [14].  

1.5.1.1 Key domains where comorbidity plays a vital role in injury 

1.5.1.1.1 Clinical care 

In clinical care, the ability for the comorbidity construct to inform patient 

management matters. For example, comorbidity is crucial in specialist care while 

multimorbidity and morbidity burden are important to primary care. Further, the 

presence of comorbidity affects a patient’s clinical course. This results in different 

outcomes for the same index disease for patients with and without comorbidity 

depending on the number and type of comorbidities present [10]. Among injury 

patients, injury severity is affected by comorbidity; inter-relationships and effects of 

multiple diseases could aggravate an otherwise non-severe injury to a critical level.  

Two studies found that comorbidity was associated with Intensive Care Unit 

(ICU) stay and mechanical ventilator (MV) use among injury patients [15, 16]. Another 

assessed the same among traumatic brain injury (TBI) patients with and without 

diabetes mellitus (DM), and concluded that associations between comorbidity and the 

outcomes such as MV days and surgical ICU-LOS were not significant. This means 

that among trauma patients, the effect of comorbidity on outcomes of clinical care 

varies with the study group and the outcome of interest. 

1.5.1.1.2 Epidemiology and research 

Feinstein (1970) [10] emphasised the fact that outcomes could be severe or 

death could come sooner to patients due to the presence of comorbidity than just the 
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presence of the index disease alone. Their recommendation was that it is imperative 

to use information on comorbidity in calculating survival rates. Two examples are given 

below. 

In epidemiological research, disease-specific mortality rates for a general 

population are calculated based on a single cause of death from the cause of death 

records, even though there may have been other diseases that may or may not have 

contributed to the death. For example, if a patient had coronary artery disease and 

DM, the mortality rate could be biased towards coronary artery disease if that was 

listed as the underlying cause of death, though it could have been the combination of 

the two that resulted in the death [10].  

Alternatively, fatality rate calculation for a particular condition involves the 

division of the number of deaths due to the condition by the number of people with the 

condition. Should some of the deaths be due to a co-morbid condition and not the 

index condition, the fatality rates of the index condition becomes unnecessarily inflated 

[10].  

Therefore, the separation of index diseases from comorbidity, and identification 

of the correct cause or combination of contributing risks for an outcome is crucial for 

drawing reliable conclusions in epidemiological research. 

1.5.1.1.3 Health and social service planning and financing 

Short- and long-term planning and financing of health care and social services 

are reliant on information on projected resource needs for immediate and after-care of 

patients. The confounding effects of comorbidity on trauma patients could increase the 

resource needs, warranting adequate planning and fund allocations. 
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It has been shown that comorbidity gives rise to increased LOS in hospital, and 

complications such as readmission to hospital [17]. Furthermore, the long-term 

functional outcomes of injured persons are affected by the presence of comorbid 

conditions [18]. Lustenberger et al. (2013) [19] assessed the discharge disposition of 

TBI patients with DM and found that most of them were not sent home directly after 

hospital-care; they were more likely to be discharged to high-care nursing compared 

to those without DM.  

Increased costs related to short-term (hospital) and long-term nursing care is a 

burden on the health and social welfare systems and to insurers. Charlson, Wells, 

Kanna, Dunn and Michelen W (2014) [11] found that yearly costs were related more 

to the total burden of comorbid conditions than a specific condition. Delayed recovery 

and disability have serious financial and physical implications to the patients and their 

families, and affects the DALYs of patients. 

Further, the current ‘Activity Based Funding’ model for Australian public 

hospitals incorporates the Australian Refined Diagnosis Related Groups (AR-DRGs) 

and case-mix funding. AR-DRGs are worked out based on the principal diagnosis, 

secondary diagnosis such as complications and comorbidities, medical procedures, 

age, gender, length of stay and discharge codes. Complications and comorbidities are 

listed where they have a bearing on the management of the patient and therefore 

included in calculating the AR-DRGs. Complications and comorbidities are an 

indication of the type of care needed by a patient, and the amount of funding allocated 

to a particular episode of care is proportional to the type of care. This relays the 

importance of the role comorbidity plays in relation to funding allocations in Australia. 
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1.6 Methods available for quantifying comorbidity  

Traditional forms of modelling disease outcomes utilised the diagnosis, 

demography and anatomy to identify homogeneous groups, and ignored comorbidity 

or excluded patients with comorbid conditions. In was not until the 1970s, that the 

inclusion of comorbidity was considered important for more reliable statistical 

computations [10].  

It was Feinstein and Kaplan (1974) [20] who initially classified comorbidity at 

four levels ranging from 0-3, based on severity, intending to test its effect on prognostic 

outcomes. They used ‘type’ of comorbidity (vascular and non-vascular in the case of 

diabetes patients), ‘cogency’ of comorbidity and ‘severity’ of cogent conditions to 

assess risk of mortality. The final classification went from 0 (non-cogent or no 

comorbidities) to 3 (full decompensation of vital systems, episodes of life-threatening 

events for chronic conditions that threatened life), and they concluded that the type 

and severity of the comorbidity was related to patients’ disease outcomes. 

Other forms of accounting for comorbidity also eventually evolved:  they are (i) 

the presence of at least one comorbid condition, (ii) count of all comorbid conditions, 

(iii) presence of each comorbid condition and (iv) weighted comorbidity indices.  

1.6.1 Types of comorbidity measures 

The literature presents two types of comorbidity indices used to measure the 

impact of comorbidity on outcomes. Diagnosis-based indices, which use diagnosis-

codes-based chronic disease indicators; and medication-based indices, which use 

medication-based chronic disease scores to compute a comorbidity score which is 

then used to assess the outcome of interest. 
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1.6.1.1 Diagnosis-based chronic disease indices  

These indices are derived using diagnosis codes for conditions co-existing with 

the primary diagnosis, from routinely collected data from administrative databases or 

medical record review. These could relate to inpatients or outpatients. Some examples 

of these indices are the Charlson Comorbidity Index (CCI) [21] and the Elixhauser 

Comorbidity Measure (ECM) [22] along with their various adaptations. They are based 

on diagnosis codes, and if weights are employed, they are either study-specific 

weights for various comorbidities or weights borrowed from existing studies.  

1.6.1.2 Medication-based chronic disease indices  

Medication-based indices use pharmacy data linked to various diseases in 

order to identify comorbidities. The Chronic Disease Score (CDS) and Rx-Risk are two 

indices in this group. The first CDS was developed and validated in 1992 by Von Korff, 

Wagner and Saunders, and included 17 diseases [23]. Over time, various updates and 

adaptations have taken place and in a publication by Fishman and Shay in 2003 [24], 

the Rx-Risk index, which is a modified version of the CDS expanding the disease 

categories with new medications, was developed. The final version of this group was 

the medication-based disease burden index, which deals with all revisions of the CDS.  

The type of data readily accessible to this project was diagnosis-based and 

therefore this study uses the diagnosis-based method.  

The derivation and evolution of existing comorbidity indices and the capabilities 

and drawbacks of the most frequently used indices (namely the CCI and ECM which 

are both diagnosis-based) was studied for this project. The findings are available in 

the published literature review attached at the end of the chapter. The literature review 

included studies based on injury populations as well as studies not based on injury 
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populations. Among studies not based on injury, only around 28% had a conclusion of 

a ‘weak association’ between the comorbidity indices and the outcome (see Table 1 

in attached publication). In contrast, among the injury populations, around 50% had a 

conclusion of a ‘weak association’ between comorbidity indices and the outcomes. By 

including studies for injury and non-injury populations where comorbidity indices have 

been validated, it showed that the validation studies on the injury groups were fewer, 

and that indices derived using general medical populations did not validate in injury 

populations as well as they did on non-injury populations.  

Below is a description of the most frequently used indices, the CCI and ECM. 

1.6.1.3 Charlson Comorbidity Index  

The CCI was developed on a cohort of patients admitted to New York Hospital 

in 1984 during a one-month period and then followed up over a course of one year to 

assess 1-year mortality [21]. All patients’ clinical characteristics, demographics, 

complications, arrests, deaths, status at discharge, reason for admission, the number 

and severity of comorbid diseases (19 conditions) were considered for testing 

predictive possibilities. Completely resolved comorbidities or inactive comorbidities 

with a history of surgery were excluded. The developed model was validated on a 

cohort of breast cancer patients. Comorbid diseases were coded as a nominal variable 

with a binary outcome. Severity of the comorbidities were considered as ordinal 

variables and age was grouped into a categorical nominal variable. Using proportional 

hazards modelling techniques and stepwise procedures, unadjusted relative risks (risk 

of mortality for a given comorbid condition regardless of severity and all other 

comorbidities and factors) and adjusted relative risks (which considers the presence 

of all other factors) were assessed. A scoring system was then developed that used 

the adjusted relative risks. A second score combining age and comorbidity was 
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derived to estimate the risk for long-term survival. The CCI was updated by Quan et 

al. in 2011 [25]. The paper by Charlson, Pompei, Ales and MacKenzi (1987) which 

developed the CCI, has over 29,000 citations according to Google Scholar. Even 

though developed in 1986, the CCI in one of its early forms is still frequently used 

today (2,343 citations in 2019, as per Web of Science, December 2019). 

1.6.1.4 Elixhauser Comorbidity Measure  

The ECM [22] is a binary representation of 30 conditions, which includes all but 

3 conditions from the CCI. The ECM was derived to predict in-hospital mortality and 

resource use, and the paper by Elixhauser, Steiner, Harris and Coffey (1998) that 

developed the ECM has 5,733 citations as of December 2019. 

Apart from the CCI and ECM, there is also the Multipurpose Australian 

Comorbidity Scoring System (MACSS) [26], developed in 2005 by Holman, Preen, 

Baynham, Finn and Semmens. The MACSS uses 102 conditions; therefore, it is likely 

to be useful only in large samples with significant prevalence of the diseases. MACSS 

is not widely used in comparison to the former two (100 citations for the paper that 

derived the MACSS, as of December 2019 according to Google Scholar). 

1.7 Knowledge gaps 

Past research recommends the use of outcome- and study-specific comorbidity 

indices [26-32]. To date, however, there are no indices for mortality-, burden- or 

complication-related outcomes for all injury patients. Therefore, it is uncertain if such 

new indices would be more effective in capturing the effects of comorbidities for this 

group than existing measures. 

Furthermore, the conditions included in existing indices and the weights 

allocated to capture their effects may need regular updating, given the continuous 
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advances made in medical sciences and changes in chronic disease epidemiology. 

The less frequently used ECM, which is a binary representation of 30 comorbidities, 

outperformed the more regularly used CCI, which is a weighted index of 19 conditions 

[32]. However, the ECM has not been sufficiently validated on injury populations. Both 

indices have shown to perform better for mortality than for resource use [33].  

In summary, the existing measures have a number of limitations: 

• The validations were confined to specific sub-groups of populations  

• Data linkage was less-often used for statistical follow-up of patient outcomes; 

whereas linkage could improve the trace of outcomes 

• The original comorbidity index (CCI) is rather dated (given the advances in 

medical science and the changes in disease epidemiology over time) 

• The large number of comorbidities included in indices like the ECM and 

MACSS could result in overfitting, and become generally unhelpful in small 

samples  

• The creation of the original indices (e.g., CCI, ECM) were based on index 

diseases rather than index injury, therefore may not reap reliable results for 

injury patients 

• The CCI’s focus was solely to predict mortality outcomes, which may not work 

as well for other outcomes 

• Differing opinions exist on methods for accounting for comorbidity, e.g., 

weighted summed scores over binary representation of individual conditions, 

which has not had a very comprehensive evaluation 

• Recommendations for study-specific indices have been made, but so far only 

one such index for injury patients has been derived (Thompson et al., 2010) 

[31], but this too contains certain limitations [1] 
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• Recommendations for outcome-specific indices have been made, but the 

derivations so far in this context were not very specific nor have they been 

sufficiently validated [26] 

1.8 Study aims  

The purpose of this thesis is to establish the associations between comorbidity 

and injury outcomes, and to develop new indices with an optimum representation of 

these associations, using Victorian administrative datasets for morbidity and mortality. 

A validation of all existing and new indices will then be carried out on data from other 

states in Australia to provide comparisons of the indices and test robustness. The 

outcomes of interest are mortality, readmission to hospital, hospital LOS and costs, 

complications, use of critical care services such as the ICU, the MV and the Cardiac 

Care Unit (CCU) and the need for long-term nursing care.  

Two main outcomes are expected of this study: 

1. From a clinical perspective, to establish which comorbid conditions effect which 

outcomes. If robust indices could be developed, these could have a role in risk 

stratification of injury patients with comorbidities, with the used of the 

information available at hospital-admission, and   

2. From a research perspective, to derive up-to-date comorbidity indices for an 

injury population which will be useful for adjusting for the effect of pre-existing 

comorbidities in injury epidemiology studies or in actuarial sciences. 
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1.9 Research questions 

Principal research question  

How does comorbidity affect outcomes of hospitalised injury patients in Victoria and 

can the impact of comorbidities effectively be captured in a summary index? 

1.10 Further findings from the literature review  

Apart from gathering details regarding existing comorbidity measures and their 

evolution, the literature review assisted in assessing the performance of existing 

Subsidiary questions 

1. What are the outcomes of hospitalised injury in Victoria in terms of complications, 

readmission, LOS, hospital costs, use of critical care services, discharge destination 

and survival?  

2. Based on the analysis of Victorian data: 

a. How can injury outcomes best be quantified? 

b. How can comorbidity best be quantified? 

c. How do comorbidities affect the outcomes of hospitalised injury patients?  

d. Can the effect of comorbidity be generalised across a range of outcomes? 

3. Does an updated comorbidity index perform significantly better than the CCI, updated 

CCI by Quan et al. and the ECM in predicting injury outcomes?  

4. Do the indices’ performance (predictive ability) vary among subgroups of the 

population? 

5. Do the indices developed on Victorian data effectively capture the effect of 

comorbidity on injury outcomes in other Australian states? 
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comorbidity measures and identifying outcome measures. These will be used in the 

design of the thesis. 

1.10.1 Measuring outcomes 

This section answers the subsidiary question 1: What are the outcomes of 

hospitalised injury in Victoria in terms of complications, readmission, LOS, hospital 

costs, use of critical care services, discharge destination and survival?  

The literature review assisted in identifying trauma outcomes that have been 

studied widely in the past. The review included studies that used administrative data 

as well as registry data and medical chart reviews to identify outcomes. The generally 

investigated outcomes were mortality, LOS and readmission, and to a lesser extent 

use of critical care services and discharge disposition. Even less frequently studied 

were outcomes such as costs, complications and functional capacities (e.g., disability). 

These outcomes are highly relevant for clinical care and resource allocation. In terms 

of clinical care, complications are a major concern. Healthcare expenditure on the 

other hand is vital for health service planning. The outcomes used in this study were 

mainly based on those mentioned above. The choices were also dependent on the 

relevance to hospitalised patients, and the possibility of capturing the outcome in 

hospital administrative data that was linked within itself or to mortality databases. 

Based on these criteria, three groups of outcomes with a total of 16 different measures 

were selected initially. They were: 

Mortality-related 

• In-hospital death 

• 30-day mortality 

• 1-year mortality 
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• 5-year mortality 

• Time until death (within 10 years) 

Burden-related 

• LOS – overnight stay 

• LOS – time to discharge 

• Direct + indirect hospital costs 

• All-cause 30-day readmissions 

• Non-planned 30-day readmissions 

• Potentially-avoidable 30-day readmissions 

Discharge destination 

In-hospital complications 

• CCU (cardiac care unit) stay 

• ICU (intensive care unit) stay  

• MV (mechanical ventilator) use 

• Hospital-acquired complications using the Classification of 

Hospital-Acquired Diagnoses (CHADx) [34]  

Apart from outcomes identified using published studies, CCU stay was studied 

based on observation of the hospital morbidity dataset in Victoria. Furthermore, 

CHADx complications were also added to the range of outcomes for study; this is novel 

and not usually included in comorbidity research. Decisions were also made so that 

the research would be feasible with outputs that can be tested and utilised in the future, 

contribute to clinical management of patients and outcomes research.  
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The above list provides a summary of outcomes to be investigated in this thesis; 

answering subsidiary question 1. 

1.10.2 Performance and abilities of existing comorbidity indices 

Binary representation of individual comorbidities, such as used in the ECM, 

outperformed weighted indices and other comorbidity measures in predicting health 

outcomes as per the studies included in the review [1]. However, the performance 

ability of an index was dependent on the data, study population and objectives of the 

research (whether it was to adjust for comorbidity, predict outcomes, and the 

outcomes of interest). The ECM, although generally favoured, has not been sufficiently 

validated in injury populations. Most existing comorbidity indices have proven to be 

good predictors of mortality outcomes but not of resource use or in-hospital 

complications. Weighted indices were found to benefit from regular updating of 

weights using empirical methods to better represent current health care practices. A 

specific comorbidity index for general injury-populations has not been derived to date, 

therefore builds the rationale for this thesis.  

1.11 Potential implications for the thesis 

Development of measures to quantify the effect of comorbidity on specific 

clinical outcomes for general hospital-admitted injury patients is essential for improved 

quantification of the impacts of comorbidity on health outcomes in future injury 

epidemiology research. The measures developed should resonate with the present 

epidemiology of chronic diseases, their clinical relevance, and adjust for the effects of 

injury-related and socio-demographic factors associated with outcomes. Such an 

index will eliminate biases introduced by outdated weights and irrelevant comorbidities 

found in existing indices.  
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1.12 Thesis structure 

This is a thesis inclusive of published and submitted-for publication works, and 

consists of eight chapters (see figure below). Three papers have been published and 

two have been submitted for review. The first two chapters provide the background 

with study aims and a description of the data sources and methods used (Chapter 1 

includes a published paper). The third chapter provides (1) a description of the 

outcomes and (2) the association between these outcomes, and comorbidities and 

socio-demographic variables, in a Victorian study population (Chapter 3 includes a 

published paper). Chapters 4-6 derive and test injury comorbidity indices for mortality, 

burden and complications-related outcomes respectively. Chapter 4 includes a 

published paper, while two papers related to chapters 5 and 6 have been submitted 

for review. Chapter 7 provides a comparison of the derived indices. The final chapter 

provides a synthesis of findings including a discussion of the strengths and limitations 

of the study, contribution to the field of study and future directions. 
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Figure 1: Thesis structure 
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data linkage study 
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Chapter 8 
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Paper 3 (published) 

The Australian Injury Comorbidity Index (AICI) to 
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Annals of Emergency Medicine, January 2020 

Paper 4 (under review) 

Australian Injury Comorbidity Indices (AICIs) to predict 
burden and readmission among hospital-admitted 

injury patients 
  

Injury, submitted January 2020 

Paper 5 (with editors) 

The Australian Injury Comorbidity Indices (AICIs) to 
predict in-hospital complications: a population-based 

data linkage study 
  

BMJ, submitted March 2020 
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Note: Error in following manuscript  
Table 1; column 2 row 1 in page 52 should read “Injury populations’ and 

NOT ‘Noninjury populations’ 
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2 Data sources and methods 

The purpose of this thesis was to assess and quantify the association between 

comorbidities and outcomes among hospital-admitted injury patients. This involved the 

derivation and validation of comorbidity indices to capture the optimum representation 

of these associations. An exploratory quantitative analysis of existing hospital 

admissions data was carried out, with the expectation that the analysis will ultimately 

aid in establishing generalisable facts about the indices. This chapter entails a 

justification of the methods used for this study, and provides details about the data 

sources, case selection, data processing (which includes statistical modelling and 

significance testing) and a description of the internal and external validations of the 

comorbidity indices that were carried out. 

The methodology used for answering a research question varies depending on 

the type of study. This study falls under exploratory research; in this particular 

instance, it attempts to establish associations between dependent and independent 

variables. This kind of research is often based on a standard methodology that uses 

sufficiently representative data and classical regression techniques. This holds true 

especially in research that aims to derive indices such as those proposed in this study 

[21, 22, 25, 33, 35].  

The use of standard and routinely collected hospital-morbidity data such as 

hospital administrative data, regression analysis and their corresponding statistical 

tests, are suited for this type of exploratory study.  For one, they are reliable (the results 

are reproduceable), and the other, they are valid. Firstly, they are reproduceable, as 

they use hospital admissions data (hospital morbidity) which is coded to the commonly 

used international standards such as the International Statistical Classification of 
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Diseases and Related Health Problems (ICD); therefore, can be applied to most 

hospital administrative datasets. Secondly, they are reproduceable as they use 

variables commonly found in such datasets, and thirdly, they employ methods that are 

commonly used in such studies. The results obtained from such analysis is valid, as it 

corresponds to established methods used for determining statistically significant 

associations between outcomes and factors.  

Finally, in terms of ethical considerations, this study uses pre-existing de-

identified data which makes it low risk; there is no discomfort or foreseeable risk of 

harm to the participants. 

A methodological framework is included in Appendix 1. 

2.1 Data sources  

Morbidity data were extracted from the Victorian Admitted Episodes Dataset 

(VAED) for Victoria, Admitted Patient Data Collection (APDC) for NSW and the 

Hospital Morbidity Data Collection (HMDC) for WA, all of which contain unit records of 

all public and private hospital admissions. These datasets include patient 

demographics, morbidity including external causes, and patient discharge status. The 

number of diagnosis codes recorded per patient episode varied by state, ranging from 

40 in the VAED to 51 in the APDC and 78 in the HMDC. These fields included external 

cause information that helped identify injury characteristics. In all three hospital 

datasets, the information in these diagnosis fields were coded to the ICD, Tenth 

Revision, Australian Modifications (ICD-10-AM) [36].  

Mortality data were extracted from the VAED (in-hospital deaths) and the 

Victorian Death index (VDI) from the Registrar of Births, Deaths and Marriages 

(RBDM) records in Victoria, APDC, RBDM and COD-URF (Cause of Death – Unit 
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Record File) in NSW, and HMDC and Death Registrations Database in WA. Treatment 

costs at hospitals were extracted from the Victorian Cost Data Collection and linked to 

the VAED for Victoria. Data linkage was conducted by the relevant data linkage body 

in each State, namely, the Centre for Victorian data linkage (CVDL), Centre for Health 

Record Linkage (CHeReL) for NSW and the Data Linkage Branch (DLB) for WA. 

Linkage methods can be found in the manuscripts attached to Chapters 3, 4, 5 and 6. 

CVDL estimates the false positive rate to be between 0.5% to 1%, and the false 

negative match rates to be between 1% - 2%. The two rates for the APDC is estimated 

to be around 0.5% [37]. It is expected that the false negatives in the Western Australian 

Data Linkage System exceed the number of false positives; the derivation of specific 

estimates though are not attempted. Figure 2 contains a snapshot of the data sources 

and an example of data linkage. 

Figure 2: Data sources and linkage example 

 

SAS software, Version 9.4 [38] and Stata 14.0 (StataCorp) [39] were used to analyse 

the data.  

2.2 Cohort selection  

Sampling was unwarranted as this was a population-based study. Injuries 

considered for this project do not include medical injury (those that take place in the 
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context of medical and surgical care). Injury cases were selected using a protocol 

established for previous national reporting in Australia [40], i.e., records with an injury 

diagnosis (ICD-10-AM diagnosis code in the range "S00" to "T75" or "T79" in the first 

appearing diagnosis field). Selected cases were limited to those with an index injury. 

An ‘index injury’ for this study is the first injury record in the morbidity dataset for a 

patient during the study period. Records with an admission source indicating a transfer 

from another hospital or a statistical separation (change in care type within the same 

hospital) in consecutive records for the same patient were considered to be part of the 

same episode, until the next record with an admission source indicating otherwise 

appeared for the patient. The selected patients for each Australian state were those 

resident in that State. 

Two patient cohorts were selected for each state; one for the purposes of 

observing short-term outcomes such as in-hospital death, complications and burden, 

and the other for long-term mortality outcomes such as 30-day, 1-year and 5-year 

mortality, and time until death.  

The first cohort consisted of patients with an index injury admission between 01 

July 2012 and 30 June 2014 in each state (161,334 patients for Victoria, 233,521 for 

NSW and 84,877 for WA). Using data linkage (linkage performed using a patient-

specific identifier), patients were followed up for all hospital admissions subsequent to 

their index injury admission for a period of two years from the index injury date within 

the morbidity dataset for each State.  

The second cohort were patients with an index injury admission in the morbidity 

data selected as follows in the states of Victoria and NSW (WA was excluded as data 

was not available at the time the analysis was carried out): (1) 01 July 2006 to 30 June 

2015, followed up till 30 June 2016 in the linked death data for Victoria (614,762 
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patients) and (2) 01 July 20081 to 30 June 2015 followed up for one year (705,963 

patients) for NSW. The Victorian cohort were followed up for time until death (or end 

of study period, which ever came first). This is because the study explored the 

possibility of 5-year and time until death analysis at the start of the project. 

2.3 Data preparation for analysis 

Below is an explanation of how missing data were treated, exclusion of certain 

variables and cases, and the coding of outcomes and factors. 

2.3.1 Missing data 

Both the morbidity and mortality data used in this study were extracted from 

registries. The main variables of interest (outcomes, injury, socio-demographic and 

comorbidity data) were coded well and in most instances did not require any 

imputations for missing data.  

2.3.2 Excluded variables 

A patient’s functional status before and after the injury (variables such as the 

functional independence measure and resource utilisation groups—activities of daily 

living) play a role in outcomes. There were uncertainties regarding the completeness 

of coding in relation to these variables, and therefore were not considered for analysis. 

Cost data were missing for private hospitals, some public hospitals, and also for 

certain years in Victoria. Cost data from the other two states were not available for this 

study, therefore external validations related to costs were not carried out. The method 

                                            

1 NSW data does not contain the comorbidity information required for this study prior to 2008. 
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used to address the missing cost data is detailed in the manuscript attached to Chapter 

3.  

Certain case selection criteria were used to remove outliers; these can be found 

in the manuscripts attached to chapters 3, 4, 5 and 6. For example, patients who died 

within 24-hours, those who stayed longer than 365 days, or were palliative-care 

patients were excluded when assessing in-hospital death. For comorbidity index 

derivation for all outcomes, children (aged <15 years) were excluded, as this group is 

heterogeneous to the rest of the cohort given the low prevalence of comorbidity in the 

group.  

Groupings of certain factor variables were made to be compatible with existing 

research (such as age groups and injury groups) while certain outcome variables were 

categorized (binary) or log-transformed for a more sensible analytical approach. The 

details for these can also be found in the same manuscripts. 

2.4 Study variables 

The main aim of the thesis was to establish associations between outcomes of 

hospital-admitted injury patients and comorbidities. As a first step, it was required to 

identify the outcomes, the comorbidities, and the other factors that may affect the 

outcomes. Below is a listing of these variables, whereas details of how they were 

coded can be found in the corresponding chapters (in their attached manuscripts). 

2.4.1 Dependent variables (outcomes) 

2.4.1.1 Mortality  

1. In-hospital death (Chapters 3 & 4) 

2. 30-day mortality (Chapters 3 & 4) 
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3. 1-year mortality (Chapters 3 & 4) 

4. 5-year mortality (dropped after initial assessment) 

5. Time until death (dropped after initial assessment) 

2.4.1.2 Burden  

1. Overnight stay (Chapters 3 & 5) 

2. LOS (days) (Chapters 3 & 5) 

3. Cost (Chapters 3 & 5) 

4. All-cause 30-day readmission (post initial discharge) (Chapters 3 & 5) 

5. Non-planned 30-day readmission (post initial discharge) (Chapters 3 & 

5) 

6. Potentially-avoidable 30-day readmission (post initial discharge) 

(Chapter 3) 

2.4.1.3 Complications  

1. CHADx-complications (Chapters 3 & 6) 

2. ICU stay hours (Chapters 3 & 6) 

3. MV hours (Chapters 3 & 6) 

4. CCU hours (Chapter 3) 

2.4.1.4 Discharge destination (Chapter 3) 

The CHADx offers a comprehensive classification of hospital-acquired 

conditions available for use with the ICD-10-AM codes [34]. It is a list of 144 detailed 

classes and 17 ‘rolled-up” complication groups, mainly used to help hospitals calculate 

their adverse event rates. Developed in Australia, the main expectation from the 
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CHADx is to provide a monitoring platform for hospitals on hospital-acquired 

diagnoses, so the quality of services could be improved. The complications coding for 

this study was based on the CHADx. The codes can be found on the Australian 

Commission on Safety and Quality in Health Care website 

(https://www.safetyandquality.gov.au/publications-and-resources/resource-

library/classification-hospital-acquired-diagnoses-chadx-icd-10).  

Potentially-avoidable readmissions coding was based on the Striving for Quality 

Level and analysing of patient expenditures (SQLape) algorithm as published by 

Halfon et al. (2002) [41] and the SQLape website [42]. They help identify potentially-

avoidable readmissions using ICD-10 codes. Some of the recent research has 

considered assessing potentially-avoidable readmissions using this algorithm and 

justified its use [43, 44]. The use of the SQLape as a method was justified by its clear 

and clinically logical criteria, being reproducible and its ability to be applied to large 

data analysis [43].  

Both the CHADx and potentially avoidable readmissions are explained in the 

manuscript attached to chapter 3. 

In the analyses in Chapters 3 – 6, the outcomes were treated as binary (yes / 

no), count or continuous (non-negative) responses. They are shown below;  

1. In-hospital death (binary) 

2. 30-day mortality (binary) 

3. 1-year mortality (binary) 

4. Overnight stay (binary) 

5. LOS (days) (count) 

https://www.safetyandquality.gov.au/publications-and-resources/resource-library/classification-hospital-acquired-diagnoses-chadx-icd-10
https://www.safetyandquality.gov.au/publications-and-resources/resource-library/classification-hospital-acquired-diagnoses-chadx-icd-10
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6. Cost (continuous) 

7. All-cause 30-day readmission (binary) 

8. Non-planned 30-day readmission (binary) 

9. Potentially-avoidable 30-day readmission (binary) 

10. CHADx-complications (count) 

11. ICU stay (binary) & hours (continuous) 

12. MV use (binary) & hours (continuous) 

13. CCU stay (binary) 

14. Discharge destination (binary) 

2.4.2 Independent variables 

Two groups of independent variables were used in this study. The first were the 

main factors for adjustment in the baseline models, and the second were comorbidities 

which were the main variables of interest.  

2.4.2.1 Main factors 

The first group (adjustment factors) consisted of the following: 

1. Age  

2. Gender 

3. Body region 

4. Injury type  
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5. Injury severity (using the International Classification of Disease-

based Injury Severity Score [ICISS]; Osler, Rutledge, Deis & Bedrick, 

1996 [45]) 

6. Socio-Economic Indexes For Areas (SEIFA) 

7. Geographic region 

8. Country of birth 

With regards to injury severity, a decision was made to use the ICISS as 

published by Henley and Harrison (2009) [46].  In calculating the ICISS, each injury 

was given a severity scoring based on published survival risk ratios (SRR)s. Based on 

these, a final score was calculated either using the worst injury or the multiplicative 

effect of all the injuries.   

Details of the coding can be found in the paper attached to chapter 3. All 

independent variables were either received as or re-coded as categorical variables. 

2.4.2.2 Comorbidities (main variable of interest) 

The identification of comorbidities was based on two methods: (1) using 

established algorithms such as the CCI and ECM as updated by Quan et al. (2005) 

[47] and Sundararajan et al. (2004) [48] and (2) searching for additional ICD-10 

diseases codes not listed in the above algorithms, with a prevalence of more than 1% 

in the study population. The latter method revealed that such codes were related to 

symptoms and complications and not comorbidities, and were excluded from further 

incorporation in to the analysis. Based on these, 31 comorbidity groups were selected 

for this study. The ICD-10 codes used for each disease group are listed in Appendix 

2.  Details of comorbidity prevalence and capture are discussed in Chapter 3. 
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2.5 Statistical methods 

2.5.1 Descriptive analysis 

Descriptive analysis was carried out to determine the distribution of the 

outcomes: in-hospital death, 30-day, 1-year and 5-year mortality, time until death, 

LOS, critical care services (CCS) use, cost, readmissions and discharge destination. 

These were described in terms of frequencies and proportions for binary outcomes, 

means with 95% confidence intervals (CIs), medians with inter-quartile ranges (IQRs) 

and histograms for continuous and count variables. 

2.5.2 Regression analysis 

Regression analysis was used to establish associations between independent 

and dependent variables. Regression analysis is a commonly used method for 

establishing associations between covariates/factor-variables (independent variables) 

and outcomes (dependent variables). For ease of use, the independent variables are 

called ‘factors’ in the rest of the thesis. Studies that derived comorbidity indices also 

used regression analysis to derive the indices, and moreover, they used the regression 

coefficients from their analysis as comorbidity weights. These will be explained further 

in this chapter.  

This study consists of large sample sizes, therefore effect sizes were 

considered more meaningful than p values to establish associations between 

outcomes and factors [49] although p-values were computed.  

2.5.2.1 Univariate analysis 

Univariate analysis was carried out to establish associations between 

outcomes and selected factors (i.e., socio-economic, demographic and injury 
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variables). The associations established were used mainly to identify the factor 

variables to be included in the multivariable analysis. 

Logistic models were run on the binary outcomes, negative binomial models for 

responses classified as counts, and log-transformed linear models for outcomes 

classified as continuous variables. Odds ratios (ORs), incident rate ratios (IRRs) and 

beta coefficients were used to assess the impact of each factor on the outcomes for 

binary, count and continuous outcomes respectively. 

Effect sizes and confidence intervals of the regression coefficients were 

examined to establish the associations, with an effect size of ± 30% considered as 

notable. The normative (logical) or largest categories were used as reference groups 

for regression analysis [49].  

Univariate analyses were also carried out to test the associations between pairs 

of outcomes, even though the focus of this study was to establish associations 

between outcomes and factors. Most outcomes are likely to occur post hospital-

admission, and therefore unlikely to be present at the ‘time of’ hospital admission. The 

aim of this research was to quantify comorbidity that helps predict outcomes based on 

data available at point of hospital admission. These include, socio-demographic 

factors, injury characteristics and comorbidity, and does not include outcomes. 

Therefore, the association between outcomes was not pursued beyond establishing 

the univariate associations. 

2.5.2.2 Multivariable analysis 

Multivariable regression analysis was carried out to assess the associations 

between outcomes (dependent variables) and comorbidities (independent variable of 

interest) while adjusting for socio-demographics and injury factors.  
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The first step was to build the baseline models. A full model which included, 

age, gender, body region of injury, injury type, injury severity, SEIFA decile, 

geographic region and the country of birth as independent variables was fitted with the 

outcome as the dependent variable. The type of regression model (i.e., logistic, 

negative binomial and log-transformed linear) was selected based on the response 

type of the outcome. Using a backward elimination process, one independent socio-

demographic or injury characteristic variable was removed at a time and the resulting 

model compared with the previous model for goodness-of-fit. Due to the data being 

large-sized, significance tests were not meaningful for assessing change in goodness-

of-fit for the models; instead the Akaike Information Criterion (AIC) [50] was used to 

compare between models. A difference of 10 or more between the AIC statistics for 

two models was considered a meaningful difference in model-fit, which is considered 

the general cut-off for these comparisons [51]. This elimination process led to 

identifying the baseline variables that were associated with the outcome.  

Once the baseline models were established, comorbidity was added as an 

independent variable. Comorbidity was added using various forms of quantification.  

They were the: 

1. presence of at least one comorbidity 

2. count of comorbidities 

3. binary presence of each comorbidity (31 conditions) 

4. CCI 

5. updated CCI 

6. ECM 

7. Australian Injury Comorbidity Index (AICI) 

8. weighted summed score of the AICI (actual weights) 
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9. weighted summed score of the AICI (integer weights) 

The first three quantifications of comorbidity are straightforward. The CCI, 

updated CCI and ECM are existing comorbidity measures. The Australian Injury 

Comorbidity Indices (AICIs) were derived by starting with the binary presence of all 31 

comorbidities as a full model. Then, using a backward elimination, one comorbidity 

was removed at a time and the AICs compared for goodness-of-fit. A difference of less 

than 10 between two AICs indicates that the model with the additional comorbidity 

provides no further improvement to the model fit than the one without; therefore, the 

particular comorbidity is excluded as non-significant to the outcome. The final resultant 

list of comorbidities for each outcome became the binary injury comorbidity index 

(namely the AICI) for that outcome. 

 Interaction effects were assessed for age vs sex, age vs comorbidity and sex 

vs comorbidity, as these are the likely interactions to be expected. Mediator and 

moderator effects were considered, but eventually dropped from further assessment 

as the aim of this study was to derive indices and not about answering a hypothesis. 

2.5.2.3 Deriving comorbidity weights 

The next step was to derive weighted comorbidity indices. The regression 

coefficients of the binary comorbidity indices were used to derive comorbidity weights. 

The resulting coefficients were converted to effect sizes. For logistic regression 

models, the ORs were used as the weights, the IRRs for the negative binomial models 

and the exponential of the beta coefficients for the linear regression models. Charlson 

et al. (1987) found that there was no difference in using either the actual weights or 

the rounded integers of the weights. Therefore, this study derived weighted summed 

scores using the actual weights as well as the integers of the weights. The following 
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rules were applied in allocating weights: the condition was dropped from the weighted 

index if the effect size was <1.2 (<20%)2; 1.2≤ effect size <1.5 (>=20% & <50%) 

resulted in a score of 1; 1.5≤ effect size <2.5=2; 2.5≤ effect size <3.5=3 and so on. 

This scoring system is similar to that followed by Charlson et al. [21]. The weights of 

the resulting comorbidities were then summed to derive the weighted comorbidity 

indices.  

Finally, parsimonious binary comorbidity indices were also derived for each 

group of outcomes. For example, for mortality, a parsimonious binary index for all 

mortality was derived using the comorbidities common to all three specific-mortality 

outcomes (i.e., in-hospital death, 30-day and 1-year mortality). Similarly, a 

parsimonious index for burden (i.e., for overnight stay, LOS and cost) and 

readmissions (all-cause and non-planned) were also derived. 

2.5.2.4 Significance tests 

The relative performance of each comorbidity measure was assessed using the 

predictive power each adds to the baseline model. The following were used for the 

three types of regression models: 

2.5.2.4.1 Logistic regression  

Discrimination (area under the receiver operating characteristic curve 

(AUROC)) and classification tables were used to assess and compare predictive 

                                            

2 Note: effect size cut-off of 20% used for weight calculation in the multivariable regression analysis is 

different to the effect size of 30% used in the univariate analysis to identify factors associated with 

outcomes. 
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powers of regression models. The area under the curve (AUC)3, ranges from 0 to 1; 

under 0.7 was considered as representing poor discrimination and anything above that 

as good discrimination [52]. The significance of differences between AUC statistics 

were assessed using the CIs; overlapping CIs were considered as an indication of no 

difference between two AUCs. Classification tables were derived on the basis of 

maximizing the sensitivity and specificity; setting this as the cut-off point for classifying 

cases predicted by the models. Tests of proportions were carried out to assess the 

difference between false negatives obtained using the classification tables, with a 

significance level of 5%. Sensitivity analysis does not include additional calculations 

for variables such as age, injury severity etc. as all models are adjusted for these 

variables. However, their sensitivity is addressed under internal validations (section 

2.6). 

2.5.2.4.2 Negative binomial regression  

McFadden’s R2 statistic was used as an indication of predictive ability of the 

negative binomial regression models. This is a pseudo R2, which assesses the ratio 

of the log likelihood of the fitted model to that of a simple intercept only model as a 

measure of how much additional information about the data has been captured in the 

fitted model. Like the classical R2 measure from the linear model, it has values that 

range from 0 to 1.  

                                            

3 The AUC is also referred to as the C-statistic; the term C- statistic was used in Chapter 1 and the 

paper attached to chapter 1, as most of the literature reviewed used that term. The rest of the chapters 

use the term AUC. 
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2.5.2.4.3 Linear regression  

The adjusted-R2 was used as an indication of the predictive ability of the linear 

regression models. The R2 statistics are not ideal representations of predictive 

capacities of a model, but in the absence of meaningful significance tests, these 

presented the next best alternative. The main goal of the study was to derive indices 

that best capture comorbidity in assessing outcomes, therefore using the same R2 

metric for all comorbidity measures was sufficient to compare performances across 

the measures.  

Using these statistics, comparisons were made on the performance of existing 

comorbidity measures such as the CCI, updated CCI and ECM on predicting 

outcomes, with the newly derived binary indices (AICIs) and the newly derived 

weighted comorbidity indices.  

2.6 Validations 

The aims of the validations were to assess the robustness of the new indices, 

and to compare with the robustness of existing indices.  

2.6.1 Internal validations 

The internal validations allowed the assessment of each comorbidity index’s 

performance in patient subgroups. Internal validations were carried out on the CCI, 

ECM and the AICI using patient subgroups in the Victorian data; i.e., assessed the 

performance of the AICI compared to the existing CCI and ECM, in terms of explaining 

the impact of comorbidity on injury outcomes within subgroups. 

For the internal validations, patient sub-groups were selected based on 

demographics and/or injury characteristics. They were children (<15 years), adults 

(15-24 years), older adults (>= 65 years), males, females, patients with non-severe 
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injury, severe injury, intracranial injury, hip-fractures (among those aged 45 years and 

above), blunt trauma and penetrating trauma. 

2.6.2 External validations 

The external validations allowed the assessment of the indices’ generalisability 

across different demographics and/or different data collections. External validations of 

the new AICIs were carried out using the full hospital-admitted injury cohorts from the 

states of NSW and WA.  

The method used for validation was similar to that performed for index 

derivation. The same model structures (terms) that were used in Victoria for the 

baseline models were refitted on each subgroup and interstate patient cohorts with the 

addition of the AICI, CCI and ECM separately. The results were compared using either 

the AUC and false negatives (FNs) for logistic regression models and the R2 for the 

negative binomial and linear models. 

In conclusion, the justification for the choice of outcomes for this study was that 

they were most commonly researched outcomes and the choice of comorbidities was 

based mostly on established work. Given the difficulty to draw reliable conclusions on 

significance using p values due to the large sample problem, the use of effect sizes, 

AUCs, FNs, AICs and R2 statistics are justified. 

The next chapter is a description of the outcomes, socio-demographics, injury 

characteristics comorbidities and their associations.
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3 Hospital-admitted injury patients - a description of 

outcomes, socio-demographic and injury 

characteristics, and comorbidity  
 

This chapter includes a paper which was published in BMC Public Health 

                                                   titled  

“Complications, burden and in-hospital death among hospital treated injury patients 

in Victoria, Australia: a data linkage study”. 

                         (attached at the end of the chapter) 

 Fernando DT, Berecki-Gisolf J, Newstead S & Ansari Z (2019b) [53] 

The literature review incorporated in Chapter 1 identified a range of outcomes 

(and their various measurements) and factors likely to affect such outcomes, for injury 

and non-injury patients. Using that information, a subset of outcomes (section 1.10.1) 

were selected for the present study. This chapter contains a description of these 

selected outcomes by their various methods of measurement, and factors likely to be 

associated with them in a hospital-admitted injury population. These measures include 

aspects of burden, complications and mortality (short- and long-term). Such outcomes 

are most likely affected by the injury characteristics, while socio-demographic factors 

and comorbidity are also likely to play an important role [1].  

The specific research questions addressed are (from the subsidiary questions in 

Chapter 1): 

Based on the analysis of Victorian data: 

a.   How can injury outcomes best be quantified? 

b.   How do comorbidities affect the outcomes of hospitalised injury patients?  

c.   Can the effect of comorbidity be generalised across a range of outcomes? 
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3.1 Summary 

Key summary statistics are presented in section 3.1.1. Detailed results for 

burden, complications and in-hospital death outcomes can be found in the publication 

attached to this chapter. The results for 30-day and 1-year mortality analysis were 

published at the Annals of Emergency Medicine as a paper titled “The Australian Injury 

Comorbidity Index (AICI) to predict mortality” [54]. It must be noted here that rresults 

of the 5-year mortality and time until death analyses are not shown in any part of this 

thesis as these outcomes were eventually dropped from further evaluation for reasons 

explained below.  

Based on this initial analysis, 5 of the 16 outcome measures were dropped from 

analyses in the upcoming chapters; these were: 5-year mortality, survival time, 

potentially-avoidable readmission, cardiac care unit (CCU) stay and discharge 

destination. Five-year mortality was dropped due to the outcome being irrelevant for 

deriving comorbidity indices; long-term survival is unlikely to be dependent on 

comorbidity when outcomes are assessed for injury. Time until death was dropped 

due to the insufficient number of deaths in the population to run a survival analysis 

with meaningful results. The identification of potentially-avoidable readmissions was 

insufficiently reliable to proceed further (see attached paper for details on this 

limitation). CCU stay occurred in a very small proportion of patients and therefore 

dropped from index derivation. Discharge destination would also be dependent on the 

injury over comorbidity; therefore, not pursued further for deriving comorbidity indices.  

This analysis overall assisted in identifying outcomes that were reliably 

measurable using linked hospital morbidity and mortality data. The outcomes were: in-

hospital death, 30-day and 1-year mortality, LOS, costs, all-cause and non-planned 
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30-day readmissions, discharge destination, ICU stay, CCU stay, mechanical 

ventilator (MV) use and hospital-acquired complications (CHADx complications). This 

provides the answer to question a: how can injury outcomes best be quantified (using 

hospital administrative databases such as the VAED)? 

3.1.1 Factors, outcomes and comorbidities at a glance 

 

 

 

 

Age

>25% over 65 years 

Gender

56% male

Socio-economic

45% from relatively 
'advantaged' areas

Body region

commonly to 
extremities (59%)

Injury type

most common were 
fractures (42%)

Injury severity

13% serious injuries

Comorbidity

•19.5% with at least one (all ages)

•22.6% with at least one (excluding children [aged<15 years])

•9 conditions with prevalence >1%

• average 2.5 CHADX 

complications 

• most common 

➢ 14% cardiovascular  

➢ 12% gastrointestinal 

➢ 12% metabolic 

disorders  

• 3% stayed in the ICU 

• 1.5% was on MV 

• 0.4% in the CCU 

 

• 0.9% in-hospital 

• 0.8% 30-day 

• 3% 1-year 

 

MORTALITY BURDEN 

• 26.8% needed post- 

discharge care 

• mean cost per patient 

AUD (Australian dollar) 

7013 

• median LOS 1 day 

• 30-day readmissions 

➢ all-cause (12.3%) 

➢ non-planned (7.9%) 

➢ potentially avoidable 

(3.2%) 

COMPLICATIONS 
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3.1.2 Associations between factors and outcomes 

This study found that the likelihood of all adverse outcomes increased with the 

increase in the number of comorbidities, which provides the answer to question b: how 

do comorbidities affect the outcomes of hospitalised injury patients? It was also seen 

that the likelihood of in-hospital death was three times greater for those with two 

comorbidities than for patients with one comorbidity, whereas if the focus was a 

readmission outcome, that likelihood was less than doubled (Table 3 in attached 

paper). This shows that the effect sizes for the relationship between comorbidities and 

outcomes vary by outcome and cannot be considered equal, providing the answer to 

question c: can the effect of comorbidity be generalised across a range of outcomes 

in terms of the count of comorbidities? 

3.2 Implications 

The finding that the effect of comorbidity cannot be generalised across all 

outcomes, as reported in this chapter, has been suggested in previous research [26-

32]. It implies that when deriving measures to quantify the association between 

comorbidity and outcomes, each outcome should be treated individually, and 

subsequently, assessments should be made as to whether these associations can be 

generalised across outcomes. The next three chapters focus on the derivation of 

comorbidity indices for mortality, burden and in-hospital complications separately. The 

associations established between outcomes and factors in this chapter provide the 

baseline for building models that have been used for deriving the comorbidity indices.  
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4 Injury comorbidity indices for mortality 

 

This chapter includes a paper which was published in the Annals of Emergency 

Medicine 

                                                   titled 

“The Australian Injury Comorbidity Index (AICI) to predict mortality”. 

(attached at the end of the chapter) 

Fernando DT, Berecki-Gisolf J, Newstead S and Ansari Z (2020a) [54] 

The conclusions drawn in the previous chapter along with recommendations 

from past research are that the associations between comorbidity and outcomes vary 

depending on the outcome. This implies that in the derivation of comorbidity indices, 

their relevance to the particular outcome should be considered. The quantification of 

this also varies by the study population, the types of data available for the 

quantification of outcomes and comorbidities, prevalence of comorbidities in the 

specific population and clinical relevance (discussed in Chapter 1).  

The most severe adverse outcome for hospital-admitted patients is mortality. 

This outcome can occur during the hospital stay or post-discharge from hospital. It has 

been established that outcomes such as in-hospital death, 30-day and 1-year mortality 

among general hospital-admitted patients are affected by comorbidities [25, 31, 35, 

55, 56]. Quantifying the effect of comorbidities on these outcomes is useful for clinical 

care and epidemiological research.  

The CCI, which is a commonly used comorbidity index, was derived for 

assessing 1-year mortality, while the next most commonly used index, the ECM, was 

derived for in-hospital death, LOS and costs. However, these indices are used for 

considering any mortality outcome in a range of current research and clinical settings. 
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Further, as was seen in the literature review in Chapter 1, existing indices such as the 

CCI and ECM were derived using a general medical population, whereas the same 

indices have been widely used in specific injury populations.   

This chapter aimed to derive comorbidity indices that capture the effect of pre-

existing comorbidities on the specific outcomes of in-hospital death, 30-day and 1-year 

mortality for hospital-admitted injury patients. These have been compared with existing 

indices, and both the new and existing indices were validated in population subgroups 

and an interstate dataset.  

4.1 Summary 

In-hospital death, 30-day and 1-year mortality were predicted most strongly by 

age, gender, injury type and injury severity, and a comorbidity index (regardless of 

whether they were existing or new) added a fairly small but significant power to a 

prediction model. Three new binary indices for in-hospital death, 30-day and 1-year 

The research questions that will be answered in this chapter are: 

1. Based on the analysis of Victorian data: 

a. How can comorbidity best be quantified?  

b. Does an updated comorbidity index perform significantly better than the 

CCI, updated CCI by Quan et al. and the ECM in predicting injury 

outcomes?  

c. Do the indices’ performance (predictive ability) vary among subgroups of 

the population? 

2. Do the indices developed on Victorian data effectively capture the effect of  

     comorbidity on injury outcomes in other Australian states? 
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mortality (AICI-hd, AICI-30d and AICI-1yr) were derived. A parsimonious index with 

comorbidities common to all three mortality outcomes was also derived (AICI-m).  

A binary representation of comorbidities, as distinct from a weighted 

comorbidity index such as the CCI or the Australian Injury Comorbidity Indices (AICIs) 

with weights, that only includes conditions significantly associated with the outcome 

(and is hence more parsimonious than the ECM) can provide similar predictive powers 

as the existing CCI and ECM4. This answers questions 1a and 1b: how can 

comorbidity best be quantified, and do the new indices perform better than the CCI 

and ECM in terms of mortality outcomes? 

In answer to question 1c: do the indices’ performance (predictive ability) vary 

among subgroups of the population (in terms of mortality outcomes), the following was 

found: the new indices can be reliably applied to children, older adults, non-severe 

injury, intracranial injury, hip fractures (30-day and 1-year mortality only) and blunt 

trauma subgroups. The CCI and ECM on the other hand validated well on all of the 

above subgroups except for hip fractures. In general terms, the existing and new 

indices performed adequately, with the new indices performing slightly better than the 

existing indices. 

It was found through validation that the AICI-hd is robust enough for use in NSW 

(i.e. interstate data), while the AICI-30d and AICI-1yr are less robust. The existing CCI 

                                            

4 Discussion related to the updated CCI has been omitted to maintain the focus on the original CCI and 

ECM; the statistics for the updated CCI can be found in the tables in the paper attached to this chapter. 
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and ECM also performed similarly to the AICIs in NSW, indicating a similar robustness. 

These findings answer question 2. 

4.2 Implications 

A set of binary indices capture the individual impact of each comorbidity on 

specific outcomes equally well as the use of a weighted total score as computed in the 

CCI. The AICIs are a binary representation similar to the ECM, but include fewer 

conditions than the ECM, making them easier to use and statistically more viable for 

use in smaller samples. The new indices consider a more comprehensive list of pre-

existing conditions (i.e., a combined list of CCI and ECM conditions compared to the 

CCI or ECM taken individually) and identifies conditions that are relevant to each 

outcome among general injury populations. The empirical comorbidity weights derived 

in this study for each outcome are different to the weights allocated by the CCI. This 

implies that the effect of comorbidity weights on outcomes are different in the current 

population compared to the population that the CCI was derived in, and therefore 

comorbidity indices require periodic review. The AICIs were robust for use among 

some subgroups of the Victorian injury population while their robustness on interstate 

populations varied.  

The lack of a significant difference between predictive powers of the existing 

and new indices is attributable to the fact that among injury patients, mortality is driven 

mostly by age and injury severity rather than comorbidity. Comorbidities are more 

likely to impact burden and complications outcomes than mortality. Therefore, it should 

be determined how injury comorbidity indices for burden and complications could 

improve the predictive ability of baseline models and compare the indices with the CCI 
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and ECM. The following two chapters derive and validate injury comorbidity indices 

for burden and in-hospital complications. 
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5 Injury comorbidity indices for burden outcomes 

 

This chapter includes a manuscript submitted (in January 2020) to Injury  

(currently under review)  

titled 

 “Australian Injury Comorbidity Indices (AICIs) to predict burden and readmission 

among hospital-admitted injury patients”.  

(attached at the end of the chapter)  

The conclusions drawn in the previous chapters (3 & 4), along with 

recommendations from past research, is that the associations between comorbidity 

and outcomes vary depending on the outcome and the population. This implies that 

when comorbidity indices are derived for burden outcomes, their relevance to the 

outcome must be considered.  

The most widely used comorbidity index, the CCI, was derived for predicting 1-

year mortality, while the next most popular index, the ECM, was derived for predicting 

in-hospital death, LOS and hospital-costs among general medical patient populations. 

Due to a lack of outcome-specific measures, these existing indices are currently 

applied for any outcome in clinical and research settings, regardless of the true 

association between the comorbidity and the outcome. Further, due to the absence of 

patient-group specific measures, these same indices are applied in most ‘injury’ 

settings. The aim of this chapter was to derive indices that capture the association 

between comorbidity and burden and readmission outcomes for injury populations. 

The outcomes of interest are overnight stay, LOS for those staying overnight, hospital 

costs (direct + indirect), and 30-day-, all-cause and non-planned readmissions. The 
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new indices were then compared with the existing indices, and both the new and 

existing indices were validated in population subgroups and on interstate data from 

NSW and WA.  

 

5.1 Summary  

Overall, the baseline models used for predicting overnight stay and 

readmissions contributed between 60-70% of the predictive power (based on the AUC 

statistics). The R2 for the baseline factors for LOS and costs were 8% and 31% 

respectively. Adding comorbidity did not substantially improve prediction. The number 

and type of comorbidities associated with outcomes varied based on the outcome, as 

was seen in the previous chapter for mortality.  

The research questions answered in this chapter are similar to the previous 

chapter, except, in the last chapter, the questions were answered using mortality 

outcomes, while in this chapter they are answered using burden outcomes.  

1. Based on the analysis of Victorian data: 

a. How can comorbidity best be quantified?  

b. Does an updated comorbidity index perform significantly better than the 

CCI, updated CCI by Quan et al. and the ECM in predicting injury 

outcomes?  

c. Do the indices’ performance (predictive ability) vary among subgroups of 

the population? 

2. Do the indices developed on Victorian data effectively capture the effect of  

     comorbidity on injury outcomes in other Australian states? 

 



187 
 

Five new binary indices for overnight stay, LOS, costs and 30-day all-cause 

and non-planned readmissions (AICI-os, AICI-los, AICI-cost, AICI-acr and AICI-npr) 

were derived. Two parsimonious binary indices were also derived: one for burden 

(AICI-b) and another (AICI-r) for readmission outcomes. All burden- and readmission-

related indices were different to the mortality indices derived in the previous chapter. 

A binary representation of comorbidities was found to be similar in terms of 

predictive abilities to a weighted comorbidity index. The number of associated 

comorbidities, and their effect sizes were different to the associations established with 

the CCI and ECM. The new indices performed equally well to the lengthy ECM and in 

certain instances outperformed the CCI. This answered questions 1a and 1b: how can 

comorbidity best be quantified and do the new indices perform better than the CCI and 

ECM (in terms of burden outcomes)?   

To answer question 1c: do the indices’ performance (predictive ability) vary 

among subgroups of the population (in terms of burden outcomes); the validation of 

all new and existing indices in subgroups varied depending on the outcome and the 

subgroup. Their validations returned similar results in some instances while in others, 

the AICIs and ECM outperformed the CCI. 

It was found that the AICI-los was robust for use in NSW and WA, and AICI-acr 

and -npr robust for use in WA alone. To answer question 2; in terms of burden-related 

comorbidity indices, not all indices (new or existing) were equally robust across states; 

further work is required to understand the underlying dynamics within interstate 

populations, hospital facilities, comorbidity capture and the outcomes themselves. 
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5.2 Implications 

The new burden-related indices allow for a more appropriate quantification of 

the effect of each comorbidity on outcomes, as they include conditions with statistically 

significant relationships to the outcomes. They also use current data as opposed to 

using existing indices that are based on historical data, making them more relevant.  

However, the internal validations and tests of robustness in other states proved 

that the performances of all new and existing indices varied with the outcome and the 

group of patients they were applied to. Therefore, caution must be exercised when 

applying the new or existing indices as they may tend to favour specific population 

groups.  

Quite importantly, socio-demographics, injury characteristics and comorbidity 

alone did not sufficiently account for the variability in outcomes, implying that further 

investigation into other variables likely to affect burden outcomes must be explored in 

future. 

The empirical comorbidity weights derived in this study for each outcome are 

different to those weights allocated by the CCI. This once again implies that the effect 

of a comorbidity weighs differently based on the population, outcome, and may require 

periodic review. The associations established between comorbidities and burden 

outcomes in this chapter are different to those established for mortality outcomes in 

the previous chapter. The next chapter focuses on establishing the associations 

between complications-related outcomes and comorbidities. 
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6 Injury comorbidity indices for in-hospital 

complications 

As discussed at the start of the previous chapter and in the conclusions drawn 

at the end of it, it is clear that the associations between comorbidities and outcomes 

are quite varied depending on the outcome. Therefore, for the outcomes of interest in 

this section of the thesis: in-hospital complications, specifically assessing the 

associations between these and comorbidities is warranted.  

During hospital stay, patients may develop hospital-acquired complications 

(e.g., intra and post procedural complications, adverse drug events, infections etc.) 

while there is also a possibility to be admitted to the ICU or placed on the MV. Pre-

existing comorbidity could trigger or aggravate such events. Due to the current lack of 

outcome- and population-specific comorbidity indices, existing indices such as the CCI 

and ECM, which were not derived for in-hospital complications, are widely applied for 

assessing these, including among specific injury populations. The aim of this chapter 

was to derive indices to specifically capture the effect of comorbidity on ICU and MV 

use and hospital-acquired complications (identified using the CHADx) for injury 

patients. As in the previous two chapters, the new indices were then be compared with 

 

This chapter includes a manuscript submitted (in February 2020) to the BMJ 

(Editor awaiting reviewer reply) 

titled 

“The Australian Injury Comorbidity Indices (AICIs) to predict in-hospital 

complications: a population-based data linkage study”. 

(attached at the end of the chapter) 
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existing indices, and both the new and existing indices were validated in population 

subgroups and interstate data from NSW and WA. 

6.1 Summary  

Analysis showed the association between comorbidities and in-hospital 

complications varied, depending on the outcome. Three new binary indices for ICU 

hours, MV hours and number of CHADx complications (AICI-icu, AICI-mv, AICI-comp) 

were derived. Three other binary indices were also derived for specific CHADx 

complications: gastrointestinal, cardiovascular and metabolic disorders. Once again, 

a binary representation of comorbidities was found to be similar in terms of predictive 

abilities to a weighted comorbidity index and was also better than an indicator of the 

presence of at least one or the count of comorbidities. This answers questions 1a: how 

can comorbidity best be quantified?  

The research questions that will be answered in this chapter are similar to the 

previous chapter, but based on in-hospital complications. They are: 

1. Based on the analysis of Victorian data: 

a. How can comorbidity best be quantified?  

b. Does an updated comorbidity index perform significantly better than the 

CCI, updated CCI by Quan et al. and the ECM in predicting injury 

outcomes?  

c. Do the indices’ performance (predictive ability) vary among subgroups of 

the population? 

2. Do the indices developed on Victorian data effectively capture the effect of  

     comorbidity on injury outcomes in other Australian states? 



333 
 

The AICIs performed equally well or slightly poorer than the ECM in predicting 

the outcomes but outperformed the CCI; not withholding the fact that the AICIs uses 

far fewer comorbidities and only includes those with a significant association with the 

outcome. This answers questions 1b: do the new indices perform better than the CCI 

and ECM (in terms of complications) outcomes?   

The validation of all new and existing indices in subgroups depended on the 

outcome and the subgroup. Their performances were either similar or, in some 

instances, the AICIs and ECM outperformed the CCI. This answers question 1c: do 

the indices’ performance (predictive ability) vary among subgroups of the population? 

To answer question 2; not all indices (new or existing) were equally robust 

across states; further work is required to understand the underlying dynamics within 

interstate populations, data collections and the outcomes themselves. 

A parsimonious comorbidity index for all in-hospital complications could not be 

derived as the associations between comorbidities and outcomes were far too varied. 

All in-hospital complications-related indices were different to the mortality-, 

burden- and readmission-related indices derived in the previous chapters. 

6.2 Implications 

In a clinical context, the new in-hospital-complications-related indices are 

potentially more useful than the existing indices due to the relevance to the specific 

outcomes. The parsimonious AICIs are more practical for use in clinical settings and 

in epidemiological research, because they use fewer comorbidities than the CCI (in 

some instances) and ECM in all instances. They are therefore less resource intensive 

in settings where data is not already collected but has to be newly collected on 

comorbidities.  
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The AICI-comp, which captures the association between comorbidity and the 

number of complications, may not be of practical relevance in a clinical context; the 

actual effect on the 17 individual CHADx complication groups will differ. This implies 

a requirement for complication-specific (i.e., based on the type of CHADx 

complication) comorbidity indices which would be more useful in clinical settings.  

This study is one of the first to examine the effect of 31 comorbidities on hospital 

acquired complications for injury patients. Since these are ‘hospital-acquired’ 

complications, the associations are likely to be similar for general patients. It would be 

worthwhile to derive the complication-related indices for general patients and then 

validate these on injury patients as part of a future study, or on the contrary, validate 

the injury indices on general medical patients. 
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7 The overall performance of the Australian Injury 

Comorbidity Indices 

The aim of this chapter is to compare the comorbidity indices derived in the last 

three chapters for mortality, burden and in-hospital complications with each other, as 

well as compare with the Charlson comorbidity index (CCI) and Elixhauser comorbidity 

measure (ECM). The comparisons are made with regard to the parsimony, 

comorbidities included and the gain in predictive ability over a baseline model.   

The research question that will be answered in this chapter is:  

Can the effect of comorbidity be generalised across a range of outcomes? 

Chapter 3 showed that an increase in the number of comorbidities increased 

the likelihood of adverse outcomes, but the relationship between specific comorbidities 

and the outcome varied with the outcome, answering the above question in terms of 

the count of comorbidities. Chapters 4, 5 and 6 showed that each outcome was 

associated with a selection of comorbidities, and only in some instances was it 

possible to derive parsimonious indices that work across a group of outcomes. This 

chapter compares the type of comorbidities associated with outcomes which further 

demonstrates that the associations cannot be generalised across a range of 

outcomes. 

7.1 Parsimony and comorbidities included in the new and existing indices 

Table 7-1 shows that the number of comorbidities associated with each 

outcome varies from 2 to 28 within the 31 conditions considered in this study. In 

comparison, the CCI consistently uses 19 conditions (becomes 17 when lymphoma 
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and leukemia is bundled with ‘any malignancy’) and the ECM applies 31. As an 

example, HIV/AIDS has no bearing for any of the outcomes according to the Australian 

injury comorbidity indices (AICIs), but both the CCI and ECM include it, with the CCI 

allocating one of its highest weights (weight not shown in the table). This is also true 

for rheumatic disease (though the weight allocated for this in the CCI was one of the 

lowest). 

For in-hospital and 30-day mortality, CCI and ECM would appear to be 

unnecessarily resource-intensive compared to the AICIs, in terms of the number of 

comorbidities needed to calculate the indices. For 1-year mortality, the CCI seemed 

closer to the AICI, while the ECM was still relatively resource intensive. The CCI was 

derived for 1-year mortality, which could explain its relevance to the setting. 

Alternatively, the ECM was derived for in-hospital death and therefore a closer 

alignment with the AICI-hd (AICI for in-hospital death) can be expected. But, the fact 

that the ECM was also derived for LOS and costs, could be the reason that the ECM 

captures more conditions than the AICIs. Conditions such as malignancies, 

metastasised tumors, and renal disease are shown to be associated with all mortality 

outcomes in all new and existing indices. However, disease groups likely to be 

associated with the outcomes also include heart conditions, dementia and liver 

disease according to the new indices. 

Burden outcomes were associated with far more comorbidities than those 

associated with mortality outcomes. Combining conditions from both the ECM and 

CCI, has resulted in more conditions in the AICIs which are relevant to burden 

outcomes; the CCI alone does not contain some of the conditions relevant to burden 

outcomes. This could be a reason why some studies in the past found the CCI to 

perform poorly for resource utilisation [33]. In contrast, the ECM was derived with the 
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aim of predicting resource utilisation outcomes as one of its objectives. For burden 

outcomes, the groups of diseases likely to be associated with the outcomes were 

substance dependence, malignancies, heart diseases, blood conditions, diabetes, 

liver disease, mental illnesses, renal and rheumatic conditions. Previous studies have 

shown that conditions such as psychoses, drug and alcohol dependence and 

hypertension were not related to mortality [55] but were associated with LOS and costs 

[57], similar to the findings of this study (Table 7-1).   

Readmissions outcomes, similar to mortality outcomes, showed associations 

with fewer comorbidities than burden outcomes, with the CCI and ECM including an 

unnecessarily long array of comorbidities for these outcomes. Readmissions were 

associated with alcohol dependence, diabetes, liver disease, psychoses and renal 

disease.  

The use of the ICU and the mechanical ventilator (MV) and their association 

with comorbidities cannot be as clearly explained, except for chronic pulmonary 

disease and coagulopathy, which are conditions related to breathing and blood-

clotting. Fourteen of the 15 comorbidities associated with the CHADx (classification of 

hospital-acquired diagnoses) complications were also seen in the ECM, while only 7 

conditions from the CCI aligned with the AICI. Conditions associated with CHADx 

complications were heart disease, alcohol dependence, blood conditions, breathing 

problems, mental illness, liver disease, obesity and renal disease. However, it must 

be noted that the association is with the number of complications. The type of CHADx 

complication makes a difference as to what conditions are associated with it, as some 

of the sub-analysis in Chapter 6 has shown. 

Overall, for mortality outcomes, the AICIs are more parsimonious than the CCI 

and ECM, while being sufficient in terms of relevant conditions included. The ECM is 
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relatively resource-intensive for predicting mortality given it has 30 conditions to adjust 

for, while mortality is mainly driven by age and injury severity. For burden, the AICIs 

and ECM are close in parsimony (the AICIs are inherently missing three comorbidities 

from the ECM) and relevance, while the CCI lags behind with some relevant 

comorbidities omitted. For readmissions, the AICIs and ECM are more suitable than 

the CCI as some of the conditions found to be associated (psychoses, alcohol 

dependence) are those from the ECM, therefore the CCI will fail to capture the effects 

of relevant conditions on the outcomes. The ECM and AICI perform better than the 

CCI for complications when considering possible associations, as discussed 

previously, while the complication-specific AICIs derived in this study could be the 

most suitable of all.  

It is clear that one cannot derive an index that works across all outcomes, as 

there was only one condition (coagulopathy) that was common to all outcomes (Table 

7-1). 

7.2 Gain in predictive power 

Overall, the small gain in predictive power that can be attained by adding an 

index such as the CCI to baseline models seen in this study are similar to those seen 

in the past (explained below). Given this is a small increment, it demonstrates that 

other variables are more dominant in driving these outcomes. 

Table 7-2Table 7-2 shows the gain in predictive power achieved by adding each 

comorbidity index to the baseline model. Some gains were based on the AUCs and 

some on R2, but all were less than or equal to 5%. As discussed in the previous 

chapters, the demographic and injury characteristics (baseline variables) accounted 

for most of the variation explained by the models. On average they accounted for 85% 
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or more of the total variation that could be explained by any of the full models, including 

comorbidity. The highest gain by adding a comorbidity index was seen for predicting 

hospital costs, followed by in-hospital death, ICU stay and MV use.  

The CCI seemed to do well for 1-year mortality, which is expected as it was 

derived for that purpose, and as confirmed in other studies [25, 33, 58, 59]. Table 7-2 

also shows that the CCI was weakest for predicting complications and burden.  

From Table 1 in the publication attached to Chapter 1 [1] (the literature review), 

it was seen that in certain studies [60, 61], adding the CCI to the baseline model for 

predicting in-hospital death for injury patients produced a predictive gain of about 3% 

or less, which is similar to what was observed in the current study (Table 7-2). In the 

same table (Table 1 in the paper attached to Chapter 1) the gain for hip-fracture 

patients [33] was 7-11%, which is similar to that seen from the subgroup analysis in 

chapter 4 (Table A4 in paper attached to chapter 4). 

For readmissions within 30 days, Table 1 in the literature review (paper 

attached to chapter 1) shows that among hip-fracture patients [33] the predictive power 

of the baseline model was around 55%, and the gain in power by adding the CCI was 

only about 1%. The current study also shows similarly that the baseline predicts about 

58% and the CCI adds around 2% (Table A4 in paper attached to chapter 5).   

Overall, these results indicate that the predictive abilities found in the different 

indices in this study align well with past research when comparisons could be made 

reliably, and that the gains in adding these indices are small compared to what the 

non-comorbidity variables contribute to outcome prediction.  
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7.3 Conclusion 

In conclusion, although certain outcome-group specific comorbidity indices 

(such as the AICI-m (mortality), AICI-b (burden) or AICI-r (readmission)) can be 

derived, a more general comorbidity index that can be used reliably across all injury 

outcomes is not feasible
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Table 7-1: The suite of Australian Injury Comorbidity Indices, the CCI and ECM 

 

In-hospital 30-day 1-year All mortality Overnight stay LOS Cost All burden  All-cause Non-planned All readmissions ICU hours MV hours Complications

Total number of conditions 11 13 19 10 24 27 28 23 10 11 8 5 2 15 17 30

HIV/AIDS X X X X X X X X X X X X X X ✓ ✓

Alcohol dependence X X X X ✓ ✓ ✓ ✓ ✓ ✓ ✓ X ✓ ✓ X ✓

Drug dependence X X ✓ X ✓ ✓ ✓ ✓ X ✓ X X X X X ✓

Any malignancy ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ X X X X X ✓ ✓

Blood loss anaemia X X X X ✓ ✓ ✓ ✓ X X X X X X X ✓

Cardiac arrhythmias ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ X X X X X ✓ X ✓

Cerebrovascular disease X ✓ X X X ✓ X X X X X X X X ✓

Chronic pulmonary disease ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ X ✓ ✓ ✓

Coagulopathy ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ X ✓

Congestive heart failure ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ X ✓ X X X ✓ ✓ ✓

Deficiency anaemias X X ✓ X ✓ ✓ ✓ ✓ X X X X X X X ✓

Dementia ✓ ✓ ✓ ✓ ✓ X ✓ X X X X X X ✓ ✓

Depression X X X X ✓ ✓ ✓ ✓ ✓ X X ✓ X ✓ X ✓

Diabetes with chronic complications X X ✓ X ✓ ✓ ✓ ✓ ✓ ✓ ✓ X X ✓ ✓ ✓

Diabetes without complications X X ✓ X ✓ ✓ ✓ ✓ ✓ ✓ ✓ X X X ✓ ✓

Fluid and electrolyte disorders - - - - - - - - - - - - - - ✓

Hemiplegia/paraplegia X X ✓ X ✓ ✓ ✓ ✓ X X X X X X ✓ ✓

Hypertension complicated X X X X X X ✓ X X X X X X X X ✓

Hypertension uncomplicated X X X X ✓ ✓ ✓ ✓ X X X ✓ X ✓ X ✓

Hypothyroidism X X X X ✓ ✓ ✓ ✓ X X X X X X X ✓

Metastatic solid tumor ✓ ✓ ✓ ✓ X ✓ X X X ✓ X X X X ✓ ✓

Mild liver disease ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ X X X ✓

Moderate or severe liver disease X ✓ ✓ X ✓ ✓ ✓ ✓ X X X X X ✓ ✓

Myocardial infarction ✓ ✓ ✓ ✓ X X ✓ X X X X X X X ✓

Obesity X X X X ✓ ✓ ✓ ✓ X X X ✓ X ✓ X ✓

Other neurological disorders - - - - - - - - - - - - - - ✓

Peptic ulcer disease ✓ X X X X ✓ ✓ X X X X X X X ✓ ✓

Peripheral vascular disease X ✓ ✓ X ✓ ✓ ✓ ✓ X X X X X ✓ ✓ ✓

Psychoses X X ✓ X ✓ ✓ ✓ ✓ ✓ ✓ ✓ X X ✓ X ✓

Pulmonary circulation disorders X X ✓ X X ✓ ✓ X X X X X X X X ✓

Renal disease including renal failure ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ X X ✓ ✓ ✓

Rheumatic disease including some other connective tissue disordersX X X X ✓ ✓ ✓ ✓ X X X X X X ✓ ✓

Valvular disease X X X X ✓ ✓ ✓ ✓ X X X X X ✓ X ✓

Weight loss - - - - - - - - - - - - - - ✓

Comorbidity

✓

Mortality (AICIs) Burden (AICIs) Readmissions (AICIs) Complications (AICIs) 1-year mortality 

(CCI)

In-hospital death

/LOS/cost (ECM)
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Table 7-2: Gain in predictive powers for the new AICIs, CCI and ECM by outcome 

Index 

Mortality Burden 30-day 

Readmissions 

Complications 
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Baseline 89% 91% 90% 75% 8% 31% 61% 62% 10% 14% 3% 

   AICI adds 3% 2% 1% 1% 1% 5% 1% 1% 2% 2% 1% 

   CCI adds 2% 1% 1% 0% 0% 2% 1% 1% 0% 0% 0% 

   ECM adds 3% 2% 1% 1% 1% 5% 2% 2% 3% 3% 1% 

Average proportion of variation explained by 

baseline when any index is added 97% 99% 99% 99% 92% 89% 98% 98% 88% 89% 85% 
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8 Discussion 

The main aim of this chapter is to provide an in-depth discussion on what this 

thesis was able to achieve, along with its strengths, limitations, and some provisional 

thoughts for future work in the topic area. It will begin with a recap of the rationale for 

the study followed by a summary of findings in terms of the main research question. 

The rest will be discussed in themes that are of particular importance to the thesis. 

8.1 Rationale and aim  

Existing comorbidity indices which were derived using general medical patient 

data, mainly for predicting mortality outcomes, are widely used in injury epidemiology 

without much consideration of their relevance to injury populations, to the outcomes 

being assessed, nor considering recent advances in medical science. Past evidence 

indicates that general injury- and outcome-specific comorbidity indices had not been 

derived for hospital-admitted injury patients. Hence, it was uncertain, should such 

specific indices exist, whether they would be better predictors of outcomes compared 

to the existing measures. Therefore, better prediction of outcomes by indices 

specifically derived for injury populations motivated the current project. The main 

question5 this thesis set out to answer was: 

How does comorbidity affect outcomes of hospitalised injury patients in Victoria 

and can the impact of comorbidities effectively be captured in a summary 

index? 

                                            

5 The subsidiary questions have all been addressed in the previous chapters and are not stated 

here to avoid repetition 
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8.2 Summary of findings 

The thesis consisted of two components, a literature review and subsequent 

data analysis, both informing the main research question. The literature review was 

conducted to identify outcomes that can be readily measured and coded using hospital 

administrative datasets, limited to those that reasonably reflect the effects of 

comorbidities. The review also identified other factors (socio-demographic and injury) 

that were likely to affect these outcomes, as well as appropriate methods for identifying 

and coding comorbidities. A study of the evolution of comorbidity measures since the 

1950s to date, and an evaluation of the most widely used comorbidity indices’ 

performances in terms of their ability to predict outcomes were included in the review. 

For the purposes of this research, cited studies were most relevant since the need 

was to identify comorbidity indices and how they have been applied. Using the search 

methods outlined in chapter 1, it is unlikely that any well-cited studies on comorbidity 

and injury were missed. 

The second component was a data linkage study of hospital admitted injury 

patients. Based on the learnings from the review, and using linked data, an initial 

descriptive analysis was carried out to describe the outcomes in a Victorian hospital-

admitted injury patient cohort. This was followed by a univariate analysis to establish 

associations between outcomes, and socio-demographic factors, injury characteristics 

and comorbidity. At this point it was established that an increase in number of 

comorbidities was associated with adverse outcomes.  

Following this, multivariable regression analysis was conducted, focussing on 

three specific groups of outcomes, namely mortality, burden and complications. 

Various forms of comorbidity quantifications were modelled and their accuracy in 
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outcome prediction assessed. They were: the presence of at least one comorbidity, 

count of comorbidities, presence of each comorbidity, and existing comorbidity indices 

such as the weighted CCI and the binary ECM. At this point, a suite of new 

outcome- and injury-specific comorbidity indices, called the Australian injury 

comorbidity indices (AICIs) were derived, being a key outcome from the thesis. 

The novelty of the AICIs is that they include only the comorbidities found to have 

a statistically significant association with the outcome of interest, derived using 

population level data specific to hospital-admitted injury. Based on the analysis 

carried out to derive the new indices, it was also concluded that the binary form of 

comorbidity representation was as good (or even better in some instances) as a 

weighted index in terms of predicting outcomes.  

A single summary measure suitable for all outcomes (i.e., mortality, 

burden and complications) could not be derived given the wide variation in 

comorbidities associated with each of them. Summary measures specific to 

particular outcomes, however, such as for mortality, LOS and cost, and 

readmissions, were derived without much loss in predictive power compared to 

the individual indices. For example, the individual index for all cause 30-day 

readmission had slightly (but not significantly) better predictive power over the 

summary index for all readmissions. However, the two summary measures for 

mortality and readmission resulted in a higher number (though not statistically 

significant) of erroneously predicted outcomes (i.e., false negatives) compared to the 

individual indices.  

Age and injury characteristics were found to be the dominant predictors of most 

outcomes among hospital-admitted injury patients. On average they accounted for 

85% or more of the total variation that could be explained, even post-addition of 
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comorbidity in regression models. Yet, adjusting for comorbidities which are either 

covariates or confounders is crucial in clinical processes and injury research. Although 

not the primary predictor, the indices still have predictive power and can potentially 

change how treatment is administered or adjustments for comorbidity are made in 

research.  

The comorbidity indices derived in this thesis for specific outcomes were equal 

to or in certain instances outperformed the existing indices in terms of predictive ability. 

In addition, they also outperformed existing indices in terms of relevance and 

parsimony. Another key finding of this thesis was that the magnitude of the effect of 

these conditions on the outcomes (as assessed in the AICIs) were different to what 

the CCI attributes, i.e., the comorbidity weights were different. The binary AICIs with 

a shorter list of conditions are easier to use over a weighted index such as the widely 

used CCI, and more parsimonious than the other widely used binary index, the ECM, 

which has a list of 30 conditions. Apart from this, a major contribution of this thesis to 

the knowledge base surrounding comorbidity indices was that it was able to validate 

the widely used CCI and ECM in large population cohorts and various subgroups of 

injury populations, for a range of outcomes.  

Various recommendations have been made in the past to derive outcome- and 

population-specific indices [26-32]. Moor et al. (2008) [35] specifically mentioned that 

when deriving comorbidity scores using empirical data, it would be important to use 

large, representative datasets with ‘good quality’ data, making certain that they were 

robust when baseline characteristics change or when the trauma group differs 

(subgroups). This thesis addressed all these recommendations in that it: (1) provided 

specific indices, (2) used population level, consistently coded data, (3) validated to a 
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certain extent on external datasets from two other Australian states and (4) validated 

within subgroups. 

Overall, the aim of the project was to derive indices that captured the effect of 

comorbidities on mortality, burden and complications related injury outcomes. Ten 

specific indices were derived, and each index was found to be clearly different to the 

others, supporting the initial postulation of this study: the effect of comorbidities vary 

with the outcome of interest. This finding is not particular to this study as Elixhauser et 

al. (1998) [22], Thompson et al. (2010) [31] and Toson et al. (2015) [33] have also 

shown the same. In summary, one index does not fit all outcomes, and that is the main 

reason this study derived outcome-specific indices. The implications are that 

whichever index the user chooses, they must be aware of the predictive powers (or 

the capability of the index to adjust for comorbidity), index validation and limitations.  

The following sections discuss certain themes that emerged from this thesis, 

significant study limitations that were not discussed in the preceding chapters and 

future directions. 

8.3 Comorbidity 

This section discusses how the capture, prevalence and relationships between 

comorbidities are likely to affect the study results.  It also includes a brief discussion 

on new comorbidities that can arise as a result of adverse injury outcomes.    

8.3.1 Capture of comorbidities 

8.3.1.1 The use of administrative data vs medical chart review 

The method used for capturing comorbidity affects the estimated prevalence 

and consequently the index derivation, and outcome prediction. Conclusions drawn 
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from this study are discussed in the following section, in the context of justification of 

the methods used for capturing comorbidity and their limitations.  

There has been debate about how well comorbidities are captured in 

administrative databases as opposed to medical chart review. Lee, Donovan and 

Austin (2005) [62] and Stavem, Hoel, Skjaker and Haagensen (2017) [63] stated that 

comorbidities had a lower prevalence when captured using administrative data vs 

medical chart review, while Nguyen et al. (2018) [64] and Price, Estrada and 

Thompson (2003) [65] concluded no notable differences. Nguyen et al.’s work [64], 

specific to Victoria, found that mental health, drug- and alcohol-related comorbidities 

captured using medical chart review were not clearly better in predicting outcomes 

compared to using ICD-10-AM coded data from a specific administrative (registry) 

database. Meanwhile, some of the same authors from Nguyen et al.’s group, Daly et 

al. (2019) [66] carried out a study to compare medical chart review with the Victorian 

orthopaedic trauma outcomes registry (again ICD-10-AM coded administrative data), 

for obesity, heart disease, arthritis, hypertension, diabetes and other diseases. They 

concluded that there was a significantly higher prevalence of obesity, osteoarthritis, 

ischemic heart disease and hypertension with chart review identified compared to 

administrative data. They also found an equal prevalence of diabetes type 2 and found 

that recording of coronary artery disease was absent from medical chart data.  

Given the varying findings above, it is still unclear if comorbidity capture in 

administrative data would be clearly poorer compared to chart review for predicting 

outcomes in a large general injury cohort. In the main hospital administrative 

databases in Australia such as the VAED, the APDC or the HMDC (all datasets used 

in this study), capturing comorbidity using the combination of the condition onset flags 

and ICD-10 diagnosis codes is possibly one of the only justifiable means of capturing 
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comorbidity prevalence. However, there may be under-reporting of the actual 

prevalence, which remains a study limitation. Addressing this issue (i.e. improving 

capture of comorbidity) may affect the derivation and performance of the comorbidity 

indices. Conducting a comparative study of comorbidity capture among general injury 

patients using administrative data and medical chart review, using conditions included 

in the comorbidity indices, would be useful. Should they be significantly different, then 

a change in the composition of the AICIs could result, as well as validations of the CCI 

and ECM. 

8.3.1.2 Introduction of the supplementary disease codes in the Australian 

hospital admissions data 

The newly introduced mandatory collection of supplementary codes for chronic 

diseases for Australian hospitals may affect comorbidity capture. Starting in the 

financial year 2015/16, Australian hospital administrative databases and medical 

charts are required to record a set of supplementary codes (using ICD-10-AM) for 

chronic diseases. These codes are now collected in addition to the disease codes 

already included. A code range of U78-U88 are allocated to these conditions and in 

the administrative datasets they are marked as part of the 40+ diagnosis codes. 

However, the index episodes used in the current study (date range 2006/07 to 

2013/14) excludes this time period (comorbidity capture limited to conditions present 

at point of hospital admission), therefore these new U-codes have not been utilised.  

Nonetheless, it should be acknowledged that these supplementary codes may 

add value to this type of work. Daly et al. (2019) [66] conducted a review of comorbidity 

capture pre- and post-change and concluded that obesity, osteoarthritis and all cardiac 

conditions were better recorded in medical chart review than in administrative data, 
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after the introduction of these mandatory supplementary codes. Type 1 diabetes 

capture increased in both data sources post-change, but the prevalence became equal 

in the two data sources after the change. This implies that the introduction of the new 

codes is able to provide a more accurate capture of the condition. Capture of type 2 

diabetes on the contrary decreased after the coding change, but the prevalence of 

recorded diagnoses was equal in both data sources. This could imply that the condition 

was over-reported previously. They also noted a substantial increase in osteoarthritis, 

type I diabetes, ischaemic heart disease and hypertension in administrative data post-

coding changes. These findings indicate that the capture of comorbidities would 

benefit from the inclusion of the new supplementary U-codes. 

Apart from these, there were other drawbacks of comorbidity capture, which 

were discussed as limitations in the paper attached to Chapter 3. Further, the 

drawback of not including lookback periods was discussed in the paper attached to 

Chapter 4. Lookback periods are a time span preceding the current episode, in which 

records from other hospital admissions for the same patient are retrospectively 

assessed to identify comorbidities not mentioned in the current record. Below are 

some reasons why lookback periods were not found to be significant for this study. 

1. The main intention for the use of these indices was to use them at the point of 

hospital admission to help risk-stratify patients. Live data linkage nor 

retrospective data linkage is available in most clinical settings. Even in 

epidemiological research, the usage of retrospectively linked data is still limited. 

The intention with this study was to provide an index that is suitable for most 

settings and therefore should have a wide applicability.  

2. Two Australian studies have shown that the inclusion of lookback periods did 

not increase comorbidity capture by and large, nor did they have a significant 



426 
 

impact on most outcomes. Toson et al. (2015) [33] showed that by including a 

1-year lookback, the overall capture of comorbidities increased by 10% in their 

study of hip-fracture patients over the age of 65 years in the state of New South 

Wales, which is quite a similar population in size and structure to Victoria. They 

also found that the lookback-period inclusion only impacted the predictive 

power of the Charlson indices for the outcome of 1-year mortality, and not for 

readmissions. Preen et al. (2006) [59] suggested that a 5-year lookback period 

would likely pick up more comorbidities among general medical patients for 

readmission outcomes.  

3. It is likely that all pertinent comorbidities will be recorded in the index admission. 

The administrative data used were known to contain all comorbidities that are 

actively monitored or treated during the hospital admission. A lookback will 

bring in comorbidities that were relevant (actively monitored) at the previous 

admission, which may be resolved or not pertinent to the present admission.  

4. In addition, when using lookback periods, care should be taken to be mindful of 

comorbidities that might be transient (such as obesity and alcohol dependence) 

so care would need to be taken to identify such comorbidities and identify the 

timeframe over which they might be transient. 

5. This study was conducted using a ‘follow-up’ and not a ‘look-back’ dataset, 

therefore is not best placed to do a lookback analysis. However, a lookback 

analysis was undertaken with a subset of the data (from the follow-up data) and 

re-running the modelling. This lookback analysis of a smaller sample using the 

follow-up admissions revealed that the capture of comorbidity increased by 

about 28%, and the number of patients with comorbidities increased only from 
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19% to 21%. The increase came from mostly the same patients but only 

increased the number of comorbidities in these patients. Presented below are 

the results of this analysis where the outcome of in-hospital death was modelled 

using the same baseline variables (derivation model) as in chapter 4 (age, 

gender, injury type and injury severity). Table 8-1 shows that there is little 

difference in the predictive powers or the kind of comorbidities that are 

associated with the outcome between the ‘non-lookback’ and ‘lookback’ 

analysis. It must be noted that this is based on a follow-up data extraction (not 

a lookback), and therefore only 55,000/161,334 persons could be included. 

Table 8-1: Lookback analysis for in-hospital death (number of comorbidities and predictive power) 

Comorbidity 
capture 

Number of 
comorbidities 

in binary 
model 

AUC 
statistic 

Comment 

Last admission 
only 

10 94.36  

Last admission 
+ previous 
admissions in 
the preceding 
12 months (1-
year lookback) 

8 94.11 Cardiac arrythmia and myocardial infarction 
eliminated during the backward-elimination 
process here. However, the process is based 
on an AIC statistic difference of 10 or more 
between the larger and smaller models. 
These two conditions came at a difference of 
9 and 8 from the parent model, which are 
close to the cut-off of 10; therefore, one could 
even argue retaining them. 

It could also be seen (  
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Table 8-2) that this additional inclusion of comorbidities doesn’t result in a 

higher proportion of patients with the comorbidity who then have an adverse outcome. 

Possibly, the look-back period is more sensitive in identifying less-severe (or resolved) 

conditions. Therefore, causes in-significant differences to the results.  
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Table 8-2: Proportions of patients with the comorbidity and the outcome for lookback vs non-lookback samples 

 Proportion of in-hospital 
death for those with cardiac 

arrythmia 

Proportion of in-hospital 
death for those with 
myocardial infarction 

Last admission only 18% 38% 

Last admission + previous 
admissions in the preceding 
12 months (1-year lookback) 

16% 27% 

Based on what is presented above, it is unlikely that using a lookback period to identify 

comorbidities would result in a more effective and relevant index.  

Overall, the limitations with comorbidity capture can be addressed by using: (1) 

medical chart review (although this is relatively costly and time-consuming) or self-

reports (not discussed in detail in this thesis, but care should be taken to minimise 

biases in self reports), (2) data post-2015/16 with the supplementary U-codes and (3) 

lookback periods (to a much lesser extent as most likely they are useful in the context 

of index diseases rather than injury, where diseases are more likely to be associated 

with long-term comorbidity).  

8.3.2 Prevalence of comorbidities 

The prevalence of comorbidities in the study cohort determines which 

conditions are included in the indices, which in turn affects outcome prediction. 

Understanding how prevalence affects outcome prediction is important. There are two 

concerns to be addressed with regard to prevalence: (1) the proximity of the 

prevalence of comorbidities captured in this study to the actual comorbidities present 

in the population and (2) the impact of the comorbidity-prevalence on the statistical 

power of detecting associations with the outcomes.  
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8.3.2.1 Prevalence of comorbidities captured in the study  

The overall prevalence of comorbidity captured in the current study aligned well 

with published Australian figures (paper attached to chapter 3) and Canadian figures 

[35], with the proportion of adults with at least one comorbidity in this study of 22.6% 

being close to the 25.5% observed in Canada. 

Thirty-one comorbid conditions were discussed in chapters 4, 5 and 6. Of these, 

the top-nine most prevalent conditions for all three states of Victoria, NSW and WA 

were the same, i.e., alcohol dependence, diabetes with and without complications, 

uncomplicated hypertension, cardiac arrythmias, renal diseases, dementia, 

depression and drug dependence, all with a prevalence of more than 1% (proportions 

can be found in tables 2 and A5 in the paper attached to chapter 5). Hospital 

admissions data for WA had a higher rate of recorded alcohol and drug dependence, 

but lower rates of uncomplicated hypertension, cardiac arrythmias and depression 

compared to the other two states. Both these points imply that similarities and 

dissimilarities exist across states with regards to recorded comorbidity prevalence. 

This could be due to an actual difference in the prevalence of some conditions in 

different areas or be related to variations in comorbidity capture.  

A reliable comparison of prevalence by type of comorbidity in the study cohort 

with other similar national statistics could not be carried out. Hospital-recorded 

comorbidity rates by age and sex were quite different to prevalence of chronic 

diseases in the population. The latter can be found, but was not a reasonable 

comparison as some of the national-level statistics currently published for a few 

comorbidities were based on self-reports and collected for different purposes than 

hospital-administrative use, and they did not directly align with the types of 

comorbidities used in this study.  
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Comparing comorbidity prevalence among injury populations from studies in 

Canada [35] and the USA [31] (both of which were around a decade old), the 

prevalence captured in this study was far lower for all but three of the 31 conditions 

studied. Diabetes without complications, mild liver disease and metastasised solid 

tumors showed very similar prevalence with the said two studies. The data for the 

former two studies were sourced from trauma registries (possibly more severe cases 

and the data assembled more rigorously) while data for the current study were from 

administrative databases that cover trauma and non-trauma patients. Therefore, the 

level and accuracy of comorbidity captured in the data from the current study maybe 

different due to the effect of the type of data collection. Further, the comorbidity 

prevalence in the current study was quite low compared to a more recent study from 

the USA (Calvo et al., 2016) [67]. However, the US study was based on patients from 

a level 1 trauma centre who were 55 years and older, which could possibly mean a 

higher proportion of severe trauma patients and likely to have higher comorbidity 

prevalence due to age.  

Therefore, at this stage, it is not possible to conclude that the prevalence of 

each comorbid condition estimated in this study was close to the prevalence in the 

population at large or even in the injury population. However, the prevalence of the top 

nine comorbidities across three states in Australia was captured to an extent that was 

sufficient for the purpose of this research, i.e. for studying the impact on injury 

outcomes. It should also be noted that the local prevalence of the comorbidity is not 

necessarily relevant for constructing the index, except when the overall impact of a 

comorbidity differs substantially between various populations, for example the impact 

of sickle cell disease in Nigeria vs. Australia. Comorbidities that have a profound 

impact on injury outcomes may not be incorporated in the comorbidity index if the 
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prevalence in the population at hand is very low, due to insufficient statistical power. 

This is discussed in more detail in the next section.  

8.3.2.2 Comorbidity prevalence and its effect on comorbidity indices  

The new and existing comorbidity indices were derived based on specific study 

populations. That is, the new indices were derived using injury populations, while the 

CCI and ECM were derived using general medical patients, which include injury and 

non-injury patients. The prevalence of comorbidities in the two groups (injury only vs 

general patients including injury cases) could be very different. For example, Cameron 

et al. (2005) [13] and Mitchel, Cameron & McClure (2017) [12] found that comorbidity 

prevalence was higher among injury patients than non-injury patients. The prevalence 

of comorbidities in a specific patient population would impact on which conditions are 

included in the indices. When these indices are applied to populations with different 

chronic disease profiles, they may be inadequate at providing the best comorbidity 

adjustment for that population. 

For example, in the current study population of general injury patients in 

Australia, conditions such as HIV/AIDS had very low prevalence. Hence, for the new 

index derivation, this condition did not rank highly based on the inclusion criteria 

compared to some of the other more prevalent conditions such as coagulopathy, liver 

and renal diseases. In deriving the new indices, conditions were included in an index 

based on two factors: its prevalence in the data/population, and its impact on 

outcomes. Therefore, some conditions may have had great impact but were 

insufficiently represented to merit inclusion in the index.  

Another example is obesity, which was not recorded well in Australia. If one 

were to use the CCI or the AICI in the USA for instance, where obesity prevalence and 
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recording could be higher than in Australia, the results would not be adjusted for this 

important comorbidity, as these two indices do not include obesity. Obesity has been 

found to be an independent risk factor for mortality after trauma as suggested in past 

studies [68, 69], but, Moor et al. (2008) [35] (a Canadian study) and the current study 

found to the contrary, that obesity had no impact, which both studies acknowledge 

could be due to low prevalence or underreporting. Similarly, if one were to use the 

AICIs in Africa for instance, the impact of HIV/AIDS would not be captured, though it 

could be cause for significant burden or mortality in that region. Further, none of these 

indices (AICIs, CCI or ECM) would work well in regions with high prevalence of malaria 

or sickle cell disease, for example. Potentially these conditions could have huge 

impacts on outcomes but were not picked up in data from Australia and North America 

(where the indices were derived), because of local low prevalence. This suggests a 

need to adapt the indices to the local context based on local data. In such instances, 

making a judgement call at the time of application and including them may be 

beneficial in a population where the condition is likely to be more prevalent and the 

condition likely to be more relevant to the outcome. If this cannot be done, the existing 

or new indices could be the next best options provided they are used with caution. 

Clinical/logical input may be required to make reasonable judgement on whether 

certain conditions should be included/excluded when using a particular index based 

on relevance to the particular population.  

In populations with a high prevalence of certain diseases that are not directly 

relevant to the outcome, the conditions could still have an impact on the overall burden 

related to the outcome due to their high prevalence. In such instances, the 

inclusion/exclusion of these conditions depend on the outcome of interest. For 

example, in a study like the current one, for burden outcomes such as costs, it is 
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worthwhile to include these conditions (high prevalence and not significantly 

associated with the outcome) in the index as they are most likely to have an impact on 

the cost of drugs administered. The summation of all these costs will increase the 

combined cost estimate. A similar argument is not relevant for an outcome such as in-

hospital death.  

8.3.3 Correlation between comorbidities 

Correlation implies the movement of two variables, together in the same or 

opposing direction, and that a statistical association exists between them. However, 

correlation is not always causation, which implies that should a statistically significant 

correlation present, it would not necessarily imply that one variable causes the 

changes in the other. However, it might indicate that the same underlying process 

drives both measures. 

Identifying and adjusting for correlations between comorbidities is important in 

avoiding spurious interpretations of the relationships between comorbidities and 

outcomes. As mentioned in the paper attached to chapter 4, the correlations between 

comorbidity groups were below 0.5 for all conditions except between cerebrovascular 

disease and hemiplegia/paraplegia (0.5) and metastatic solid tumor and any 

malignancy (0.7). Even though there were correlations between these two pairs of 

conditions, both conditions for each pair were retained as their effects were considered 

independent, for the following three reasons: (1) the chosen comorbidities were from 

past lists (CCI and ECM) of conditions that have been used extensively and validated 

across many studies (which would have required them to be considered as 

independent of each other); (2) the use of a backward elimination process to eliminate 

comorbidities that no longer improved the model in this study; and (3) the mutual 

exclusivity of the ICD-10 codes used to identify each condition. The correlations 
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observed above could be considered causal; for example, metastasized solid tumors 

could be advanced stages of malignancy. Nonetheless, considering the three reasons 

presented above, it was decided to retain all these conditions in the current study when 

found to be significantly associated with the outcome. Furthermore, since the 

relationships were not being interpreted directly, and the only important criteria was 

the predictive power of the comorbidities in predicting outcomes, the inter-correlations 

did not really matter. 

8.3.4 Comorbidity as outcomes of injury 

Complications arising from injury could also lead to the development of chronic 

conditions that give rise to chronic disease outcomes or worsen injury outcomes. This 

aspect was not investigated in the current study. The diagram below (Figure 3) shows 

the sequence of such events. 

Figure 3: Sequence from injury to chronic disease outcomes 

An example of this is when complications arise during a hospital episode: these 

can lead to, for instance, mental health issues, which could impact costs, LOS and 

readmissions. As another example, adverse drug reactions could cause changes to 

blood pressure or blood glucose levels (and/or new onset diabetes type 2). These, in 

turn, could also impact outcomes such as costs and length of hospital stay. However, 

this thesis assessed the associations between pre-existing comorbidities and 

outcomes, whereas the effects of comorbid conditions that develop during hospital 

stay due to complications, or the subsequent development of chronic disease 

outcomes is an area that remains for further expansion of the work. 
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8.4 Outcomes 

This section discusses: (1) the novelty of associations established with 

complications outcomes, (2) the reliability of the outcome figures derived in this study, 

(3) the associations between various outcomes (i.e., outcomes vs outcomes) and (4) 

the origin of CHADx (classification of hospital-acquired diagnoses) complications 

outcomes.  

8.4.1 Association between comorbidity and complications among injury 

populations 

The associations established between hospital complications and comorbidity 

in such detail is novel to this study. There are studies that have used comorbidity 

indices to predict ICU and ventilator use for all medical patients. There are no studies 

that have shown and quantified the association between each comorbidity and the use 

of these ICU services – certainly not for injury patients. Also, there are no studies that 

have looked at CHADx complications with comorbidity in this level of detail. For 

instance, the matrices in Tables 3 and A3 in the manuscript attached to chapter 6 

present proportions of patients for 31 comorbidities and 17 CHADx complications, and 

their associations, which have not been presented before based on the literature 

reviewed for this study. This information is both new and useful. 

8.4.2 Reliability of outcome measures 

The validity of conclusions drawn from this thesis partly relies on the capture of 

comorbidities and their prevalence, while it also relies on the reliability of the capture 

of outcomes. The proportions/means/medians of outcomes estimated in this thesis 

should fall within published estimates of state or national-level statistics for the same 

outcomes. The overall proportions of most outcomes assessed in the study population 
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in Victoria, had a reasonably good alignment with nationally reported statistics 

(Chapter 3). When they differed, it was possible to attribute the differences to improved 

capture achieved by using data linkage in the current study, or to differences in patient 

cohorts. Given that the overall outcomes were comparable with previously published 

statistics, it is expected that the conclusions drawn, and indices derived and validated 

are based on reliable and representative measures of the outcomes. 

8.4.3 Outcomes as predictors of other outcomes  

Past studies have shown that certain outcomes during hospital stay are 

predictors of other outcomes [70-72]. Some examples are the associations of LOS 

with costs, MV use with mortality, and MV use with complications. These associations 

between predictor outcomes and response outcomes were assessed in the univariate 

analysis component of this thesis and presented in chapter 3.  

Complications for instance increased the likelihood of in-hospital death, costs, 

LOS and the use of critical care services (e.g., ICU, MV and cardiac care unit (CCU)), 

therefore could be a useful predictor variable in predicting the latter outcomes. Such 

information could be used to prevent the secondary outcome by putting measures in 

place to reduce the impact caused by the primary outcome.  

It was also seen that an in-hospital complication (e.g., CHADx, ICU, MV or CCU 

use) could influence another in-hospital complication, but not vice versa. For example, 

it was seen that CHADx complications (hospital-acquired complications) were 

associated with stays in the ICU, MV or CCU, whereas only the use of the MV was 

associated with CHADx complications. This implies that adjustments for irrelevant 

predictor variables could be avoided with the availability of this kind of information. 

Overall, an important contribution from this thesis to the existing knowledge base was 
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this matrix of associations between outcomes for hospital-admitted injury patients. 

This type of matrix could be a valuable source of information for secondary prevention 

of outcomes as explained above. 

8.4.4 Origins of CHADx complications 

The analysis of associations between comorbidities and hospital-acquired 

complications was one of the more novel components of this thesis. This sort of 

analysis on injury or non-injury patients has rarely been documented, except for a few 

noted studies [16, 73-75].  

The classification of hospital-acquired diagnoses (CHADx) was used to identify 

complications, i.e., those arising during the period of hospital care. The CHADx itself 

is a complex tool. Though CHADx complications are coded as occurring during the 

hospital stay, cause of the complications cannot always be accurately distinguished, 

i.e., if some of them were due to hospital care, or late manifestations of the injury or 

comorbidity. The diagram below (Figure 4) illustrates these possible influences. The 

aim of predicting complications is with the expectation that some of them could be 

avoided. If they are in fact late manifestations of the injury or comorbidities (rather than 

related to hospital-care), the potential for preventing them is low, even if they are 

predictable. Comorbidity indices derived for predicting hospital-acquired complications 

should focus on complications that are preventable. These are complication groups 

such as adverse drug events or those arising from medical procedures or falls in 

hospital. Conversely, complications such as pneumonia, the cause of which may not 

be easily distinguishable, would not benefit so much from a comorbidity index if 

prevention was the ultimate goal.  
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Figure 4: Origins of CHADx complications 

 

8.5 Associations between comorbidities and outcomes 

As identified in chapter 1, previous studies have recommended the derivation 

of outcome-specific comorbidity indices. This implies that the associations between 

comorbidities and outcomes vary depending on the outcome studied. This thesis 

clearly showed that this is the case, substantiating previous recommendations. It was 

evident that certain groups of comorbid conditions were associated with two or more 

of the outcome groups, while the rest seemed to be associated only with a specific 

outcome group (Chapter 7, section 7.1). For instance, heart conditions, malignancies, 

liver and renal diseases were common to mortality and burden outcomes, whereas 

substance dependence was related to burden, readmissions and complications 

outcomes (some of the commonality is expected given the outcomes were related to 

each other as noted in chapter 3). Rheumatic and valvular diseases were only 

associated with burden outcomes. This places emphasis on the need for outcome-

specific indices. These associations established in the thesis were generally 

consistent with the CCI and ECM (although the weights in the weighted AICIs and CCI 

were different to each other), which further supports the validity of these conclusions. 

The matrix provided in Chapter 7 (section 7.1) can be utilised in clinical work, i.e., they 
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can be used to risk-stratify patients according to their comorbidities and expected 

outcomes. 

8.6 Other comorbidity indices  

A discussion on comorbidity indices is not complete unless all other major 

comorbidity indices (other than the ones specifically considered in this thesis) are 

mentioned. Apart from the AICIs, the CCI, the ECM, the Mortality Risk for Trauma 

(MORT) and the Multipurpose Australian Comorbidity Scoring System (MACSS) 

(already discussed in previous chapters), other comorbidity measures available are 

the Paediatric Comorbidity Model developed by Tai, Dick, To and Wright in 2006 [76], 

the Paediatric Comorbidity Index developed by Torres-Espíndola et al. in 2019 [77] 

and the Rhee Index developed by Rhee et al. in 2013 [78], all of which are for use with 

children. Due to the lower prevalence of comorbidities among children (though it is 

acknowledged that it is a growing epidemic – e.g. childhood type 2 diabetes and 

obesity), this thesis has not validated those indices.  

The current study showed that the AICI, CCI and ECM perform similarly, based 

on the assessment criteria used in this study (e.g., AUCs, R2s etc). However, the 

MACSS (not validated in this study) could perform even better given it has 102 

conditions. However, the MACSS will be impractical to use in most settings given it 

has too many conditions, which could result in overfitting, and result in issues with 

model convergence. Finally, this thesis has not validated the MORT given that it was 

not a widely used index.  

It is worthwhile to note that the benefits of an index are dependent on;  

(1) the parsimony and practicality of the index,  

(2) relevance of the index to the study population, and  
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(3) the impact of conditions on the outcome.  

8.7 Comparison of the AICIs with trauma indices 

Apart from comorbidity indices, trauma indices also provide a significant 

increase in predictive power in outcome prediction models. Therefore, it is important 

to know the expectation placed on comorbidity indices when applied to injury 

populations. Comorbidity indices are typically utilised as prediction tools and as 

adjustment tools. In settings where comorbidity plays a significant role in the 

outcomes, the indices are a valuable resource as a tool for predicting likely outcomes, 

particularly across a cohort. In instances where injury or other index conditions pre-

dominantly drive the outcomes, comorbidity indices are best used to adjust for the 

competing risk comorbidities pose on the outcomes; which is the more common use.  

Two of the more widely used trauma indices are the Trauma and Injury Severity 

Score (TRISS) and the International Classification of disease Injury Severity Score 

(ICISS). The AICIs were not compared with TRISS in this study, while the ICISS was 

used as a factor variable when deriving the AICIs.  

TRISS scoring for injury patients is commonly used in clinical practice, but 

requires a particular set of data fields for computing the scores. TRISS requires 

abbreviated injury scale scores, systolic blood pressure, respiratory rate, coma scores 

etc. which are not readily available in all hospital administrative databases. Further, 

there are contradictory recommendations regarding the need for comorbidity 

adjustment with the use of TRISS [35, 60, 79]. Gabbe et al. [60]  concluded that adding 

CCI to a model with TRISS did not improve prediction while Bergeron et al. [79] and 

Moor et al. [35] found that adding age and comorbidity to models with TRISS improved 

prediction. Therefore, comorbidity indices may still be useful in the presence of TRISS 
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for outcome prediction. Future extensions of the current work could include adding the 

AICIs to models with TRISS to test for predictive power improvement. 

The ICISS, developed in the 1990s, is used in clinical and research settings 

and actuarial assessment. The proposed AICIs for mortality are similar to the ICISS 

system for survival prediction with the advantage of the AICIs being predictive of 1-

year survival as opposed to shorter term survival prediction with the use of ICISS. Both 

the CCI and AICIs were added to models including ICISS in the current study. It was 

found that the ICISS picked up most of the variability and so did age. Therefore, adding 

a comorbidity index to a model with ICISS may result only in a small additional increase 

in predictive power or adjustment of the ICISS score.  

8.8 Effect of age on outcomes and comorbidities 

Past studies and this thesis showed that age is a key predictor of most injury 

outcomes. Therefore, it is important to discuss the dynamics of the age-outcome 

associations. There are two types of effects that age imposes on the results.  

8.8.1 Non-linear effect of age on outcomes 

The first is the non-linear effect of age on outcomes. The likelihood of an 

outcome starts to increase with age at a linear pace, but as patients reach the very 

oldest age groups, their vulnerability to various outcomes increase exponentially 

(Figure 5 (hypothetical example for illustration purpose only)). This is especially true 

for mortality and burden outcomes. For example, when an older person (more likely to 

be frail and weak) has a fall, recovery may take longer or they are more likely to 

succumb to the injury compared to a young adult (more likely to be physically fit and 

healthy). Given this exponential effect of age on certain outcomes, it indicates that a 

comorbidity index for this age group, especially when predicting injury outcomes, may 



443 
 

not be a very useful tool. This study demonstrated this with the comorbidity indices 

that were derived specifically for the 65+ years age group. It was seen that the age-

specific indices for the older age groups did not significantly improve predictive power 

of regression models (paper attached to Chapter 4). 

Figure 5: Non-linear effect of age on outcomes  

 

The second is the age-specific effect of comorbidity on outcomes. The 

prevalence of chronic diseases increases with age. Therefore, there is a greater 

combined effect of comorbidities on outcomes in older populations (Figure 6 

(hypothetical example for illustration purpose only)).  
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Figure 6: Age-specific effect of comorbidity on outcomes  

 

This becomes more pronounced when the outcomes are followed up over a 

longer time, so the likelihood of comorbidity increases, thereby increasing the risk of 

the outcome. To address this, Charlson et al. (1987) [21] derived a composite index 

which allocates weights based on age-decades and comorbidity. This type of 

weighting is important for long-term outcomes (e.g., when patients are to be followed 

up for 10 years). However, the indices derived in the current study required a one-year 

or less follow up time, therefore did not require the indices to account for the effect of 

ageing. 

8.9 Validations 

A good index is robust to the dynamics of the populations it is applied to, i.e., it 

can be reliably used in various patient subgroups and different populations. This 

requires indices to be validated reasonably well among such groups. To this extent, 

the new AICIs and the frequently used CCI and ECM were validated in subgroups 

(based on demographics and injury characteristics) of the Victorian population. All 
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three indices were also validated externally in different populations (i.e., data from two 

other Australian states). 

8.9.1 Internal validity 

The AICIs for mortality validated well for children and patients with non-severe 

injury. Overnight stay- and cost-AICIs validated well for the over 65s, females, those 

with intracranial injury and patients with blunt trauma. Readmissions-AICIs validated 

well for children, males and patients with intracranial injury while complications-AICIs 

validated well for those with blunt and penetrating trauma. Overall, better validation 

was found for non-severe types of injuries and for those less than 65 years of age. 

Non-severe injury accounts for the larger proportion (87%) of injury patients. 

Therefore, these indices would appear to be best for adjusting for burden outcomes 

over mortality outcomes; mortality being more likely an outcome of serious injury. 

Given the observed variation in subgroup validation, caution and further investigation 

of other driving factors is recommended when using the AICIs in subpopulations. For 

example, AICIs’ validation was poor for hip-fracture patients for almost all outcomes, 

which indicates the need to identifying other factors more pertinent to the outcomes 

for this group (e.g., surgical procedures and carer availability). 

8.9.2 External validity 

External validation is another method of confirming robustness of an index. To 

this extent, the new indices were validated using data from two other Australian states 

(NSW and WA). The Victorian and NSW populations are closer in size and profile, 

compared to the WA population. In the injury data used in this thesis, WA had a slightly 

different profile, having a lower proportion of older patients (>65 years of age), more 

males, and less serious injury than the other two states. Given that the indices still 
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validated well in WA, it can be said that the AICIs are robust for use in Australia to a 

reasonable extent. However, further validation in other states in addition to NSW and 

WA is recommended as coding differences exist across states. For example, Victoria 

records a statistically significantly higher number of codes per episode as 

‘complications’ than the State of Queensland does [80].  

Considerable variation in the proportion of records coded with condition onset 

flags (a data field indicating onset during admission) was found in the three states: 

18% in Victoria, 8.5% in NSW and 10% in WA. This may have contributed to the 

complications-related comorbidity index’s poor validation results in NSW 

(complication-identification was based on the condition onset flag for all states). This 

implies that it may not always be the demographic differences that influences the 

performance of these indices, but rather the capture of the relevant comorbidities or 

outcomes in the datasets used. 

Apart from internal and external validations within a country, a robust index 

should work well in a global context. Therefore, international validations are also 

recommended prior to using the new indices outside Australia. Though the AICIs have 

a robustness similar to the CCI and ECM, the characteristics of a population outside 

Australia (e.g., one with a higher prevalence of HIV/AIDS) may render the AICIs (which 

excludes HIV/AIDS) inadequate for assessing mortality and burden over the CCI and 

ECM (both of which includes HIV/AIDS and was derived for these specific outcomes).  

8.9.3 Generalisability 

This thesis derived comorbidity indices for patients with injury as the index 

condition. Most indices currently available are for index diseases for general medical 

patient cohorts, and it has been nearly a decade since they have been updated; the 
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latest updates being the Quan 2011 update of CCI weights and the Walraven 2009 

update of the ECM score to a point score [25, 81]. Potentially, the AICIs could be 

validated in general-medical patient cohorts as the indices are more up-to-date and 

outcome-specific than the CCI, ECM and their updates.  

As was demonstrated in this thesis, the CCI and ECM which were derived using 

general-medical patient cohorts worked just as well as the injury-specific ones in most 

instances. The reverse may also hold true. But, the fact that the CCI, ECM and AICIs 

performed equally well in an injury cohort does not irrefutably demonstrate viability of 

the AICIs for all index diseases; therefore, this should be tested. For injury patients, it 

was shown that injury and age were the dominant features of outcome prediction, but 

for general patients, especially when certain index diseases are highly related to 

comorbidities, a validation of the new indices and comparison with the existing indices 

would be beneficial. The results may suggest that the AICIs are too parsimonious for 

index diseases. However, the AICIs may prove valuable in assessing hospital-

acquired complications, which are likely to be reflect on hospital care more than on the 

index condition.  

8.9.4 Validation of the CCI and ECM 

The currency of the CCI and ECM is in question given they have been in use 

for more than two decades. These indices have been used frequently in past studies 

(as seen by the thousands of citations the Charlson and Elixhauser papers have 

received in the last couple of decades), some of which set out to validate the indices 

[25, 29, 47, 82] while others simply applied them as an adjustment for comorbidity. 

However, the validation of the CCI and ECM in the current study showed that the 

indices have aged well. The CCI has dated weights (although the updated CCI is less 

dated), and all three (CCI, updated CCI and ECM) include some conditions that are 
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irrelevant to current injury outcomes; yet, they mostly performed equally well as the 

more up-to-date and injury-specific indices derived in this thesis. This indicates that 

the CCI and ECM are relatively robust to time and index-conditions for outcome 

predictions. Nonetheless, the up-to-date, study population specific indices derived in 

this thesis are likely to be more useful (given their parsimony and relevance) beyond 

simple outcome prediction, such as in adjusting for the competing risks posed by 

comorbidity.  

8.9.4.1 Dynamics of the AICIs, CCI and ECM 

The previous section leads to the question regarding the dynamics of the AICIs, 

the CCI and the ECM. The conditions included in the AICIs are a combination of those 

in the CCI list (CCI list is almost the minimum list of the ECM and CCI, if the three 

conditions - cerebrovascular disease, dementia and myocardial infarction were 

ignored) and the ECM list (which is almost the maximum number of conditions from 

the CCI and ECM lists). The AICIs have been shown to be the most relevant and 

parsimonious of the three, but the conditions included are set by the boundaries of the 

CCI and ECM lists. Therefore, the similar predictive powers exhibited by all three 

indices could be mainly attributed to this. Hence, it is possible that the three indices 

are picking up the most relevant diseases for the outcomes they were originally 

intended for from the list of diseases available to each index at the time, with the AICIs 

including only the most relevant diseases (of the longer list) that reflect the association 

between the diseases and a broader spectrum of outcomes at the present time.  

Should there be other populations likely to have higher prevalence of other 

diseases (not included in the 31 conditions chosen for this study), new indices that 

includes the extra diseases can be derived and compared with the AICI, CCI and ECM 

(as discussed in 8.3.2.2). If the AICIs, CCI and ECM still perform well, that would imply 
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that the conditions included in these three indices are very likely to be the comorbidities 

that are most likely to affect most outcomes, hence the limitation is addressed.  

8.10 Limitations not discussed elsewhere 

Limitations specific to each section, and some of the broader limitations were 

addressed in the previous chapters or in the papers/manuscripts attached to them. 

However, a few limitations which were not covered or elaborated on in the previous 

chapters will be discussed next.  

8.10.1 Competing risks  

A competing risk is an event that precludes or modifies the occurrence of the 

primary event of interest. In the current study, the index injury is the primary event and 

outcomes stemming from that injury are the primary outcomes of interest. Any 

subsequent injury during the follow up period or the development of a new comorbidity 

during this period poses a competing risk to the primary outcome; i.e., the new injury 

or the new comorbidity is able to influence the primary outcome. However, it was not 

possible to censor for these two competing risks occurring after the index injury in this 

study due to a lack of required data. Development and detection of a new chronic 

disease would require time, and would therefore most likely only affect outcomes 

which entail a longer follow-up (perhaps more than a year). They could also arise with 

complications, which was discussed in section 8.3.4. Conversely, new injuries (other 

than those occurring during the index hospital stay) could only effect outcomes post 

hospital-discharge, such as 30-day or 1-year mortality, and readmissions. In the 

context of the current study which uses only hospital admissions data, such new 

injuries outside the hospital would only be captured if they were also ultimately 

admitted to hospital. In that context, even if an attempt was made to include this 
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competing risk, it would not be a comprehensive capture since it only includes those 

admitted to hospital, which will result in an underestimate of the risk. Injuries occurring 

during the hospital stay on the other hand, can be captured with the data used in this 

study (CHADx complications). However, most of these injuries are likely to be 

outcomes of hospital care. These were mostly captured in the complications-related 

work that was already carried out in this thesis (Chapter 6). Therefore, given the 

shorter follow-up times of the outcomes assessed in this study, the non-adjustment for 

the two competing-risks discussed above is not expected to influence the results 

significantly.  

8.10.2 Hospital admission-policy change 

In the financial year 2012/13, a change was introduced to the Victorian hospital 

admission policy, such that patients who stayed for longer than four hours in the 

emergency department (who were considered a hospital admission prior to 2012/13) 

were no longer (post 2012/13) considered an ‘admission’. This impacts the number of 

cases recorded as a hospital ‘admission’; especially on the number of cases in cohort 

26 of the current study. Though this affects the study population size, it is unlikely to 

affect the interval validity of the study, as the aim was to establish the associations 

between comorbidities and outcomes rather than focus on incidence or time trends. 

The cases lost to this change are likely the less-serious patients who would have had 

their entire stay (more than 4 hours) in the emergency department and sent home post 

2012/13, without receiving an inpatient admission record. 

                                            

6 Cohort 2 dealt with 30-day and 1-year mortality for patients admitted between July 2006 and 

June 2015. 
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8.10.3 Methodological issues 

There were methodological limitations of this thesis. Some of these were 

mentioned or discussed in detail in the previous chapters. This section includes 

methodological limitations that were mentioned in previous chapters but deserve 

further elaboration.  

8.10.3.1 The large sample problem 

The first is the problem of computing reliable statistics with large samples. 

Statistical tests are mostly designed for use with sample data and not population data 

[83], and the databases used in this thesis were population level. The inclusion of too 

many cases in a sample increases the analysis power which forces the rejection of the 

null hypothesis when the differences are actually negligible. The result: most statistical 

tests will return significant associations. This issue prevented the use of significance 

tests for assessing the relevance of various conditions in the current study; the 

problem was mentioned in the previous chapters (and the papers attached to them). 

It should be noted that if such tests were employed, for instance by selecting samples 

from the population data, a few more comorbidities may have been included or 

excluded from the new binary AICIs.  That is, mainly those that were on the border line 

in terms of the AIC statistic difference of 10, which was used as the cut-off for inclusion 

into the models. However, this issue was overcome in the weighted AICIs, where effect 

sizes were employed to further eliminate comorbidities that did not have an effect 

size>=20%. Overall, it did not seem appropriate to select samples, as it was intended 

to ensure as much capture of comorbid conditions in this injury population as possible 

in order to derive comorbidity indices. Selecting subsets may have resulted in a lower 

capture of comorbidities and outcomes. 
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8.10.3.2 Thresholds for comorbidity weight calculations 

The second issue was the threshold used for including conditions in the 

weighted comorbidity indices. These weights were calculated using the adjusted 

regression coefficients of comorbidities, when modelled against the outcome 

variables. That is, effect sizes - the size of the odds or risk that the outcome is possible 

for a patient with the comorbidity vs a patient without the comorbidity, were used. In 

the current study, an effect size >=20% was used as the threshold for a comorbidity 

to be included into the weighted model; the same threshold as used by the CCI. 

Lowering this threshold may have resulted in including more conditions and driven the 

weighted AICIs to perform as well as the binary AICIs. However, this is of little concern 

as the difference in predictive powers between the weighted and binary indices were 

small, and the conditions excluded due to this selection criteria were few. In the context 

of injury, a slight misspecification of the injury index through excluding lesser predictive 

factors from the weighting may not really make a substantial difference to the 

performance of either type of index as a whole.  

Consideration was also given to using the lower/upper bounds of the regression 

coefficients rather than the actual coefficients (this was more for testing sensitivity in 

terms of comorbidity selection; however, they did not seem to substantially influence 

the selection of comorbidities since for most comorbidities the confidence limits were 

reasonably narrow). Choosing the lower bound did not change the inclusion capability 

of most comorbidities as the lower bounds were generally indicative of an effect size 

>=20%. Using the upper bounds would only change the value of the weights and 

therefore has no effect on the selection of the comorbidity to the index.   

Using a weight that also combined comorbidity prevalence into the effect size 

was also considered (i.e., the weight is then based on the effect size as well as the 
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number of persons with the comorbidity). This then becomes very specific to this 

Victorian population and reduces the generalisability of the indices. 

8.10.3.3 Comorbidity prevalence cut-off for inclusion in analysis 

The third issue relates to the comorbidities selected for analysis in this thesis. 

Comorbidities were mainly selected using the algorithms (the algorithms are lists of 

ICD-10 codes for a selected list of conditions) used in the CCI and ECM according to 

published works by Quan et al.,(2005) [47]. To expand beyond these, comorbidities 

(or ICD-10 codes) were also identified that were frequently recorded in the study data 

but not listed in the CCI and ECM algorithms. However, a cut-off of >=1% prevalence 

was set in order for the condition to be considered for analysis for this additional 

measure. Using this methodology, the only additional conditions prevalent in greater 

than 1% of patients were likely to be symptoms or complications (e.g., dehydration, 

nausea/vomiting) rather than chronic diseases.  

Apart from these, other ICD-10 codes related to chronic diseases that were not 

included in the Quan algorithm but with the highest prevalence below the 1% threshold 

were arthritis and osteoarthritis (0.5%) and osteoporosis (0.7%). Adding these 

conditions may have improved the new indices’ performances in terms of model fit and 

predictive power over the CCI and ECM, though it cannot be confirmed if this would 

have been significant.  

8.10.3.4 Lack of other predictor variables  

There were data-related issues that may have contributed to poor 

performances of certain regression models in this thesis. In terms of predictor 

variables (other than comorbidity which was the main variable of interest), socio-

demographic and injury-related variables were utilised. Apart from these, other 
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variables could also contribute to the performance of prediction-models. These were 

generally selected if they were considered to be reliably coded in datasets. For 

example, functional capacities related variables (such as FIM (Functional 

Independence Measure) score or Barthel Index) were not always populated in this 

data, therefore it was difficult to ascertain if all the relevant cases were actually coded; 

hence it was not used. Further, certain baseline variables that are likely to be 

associated with the outcomes were not collected in the hospital morbidity datasets, or 

were omitted at point of requesting the data from the data custodians. Most of these 

relate to hospital information such as hospital volume, treatment strategy, distance to 

hospital from injury occurrence location, hospital level (e.g., major trauma, 

metropolitan trauma or metropolitan primary care services) and facilities available at 

the hospital.  

Other data-related aspects that could improve the performance of indices are: 

inclusion of the severity of comorbidities, better condition onset flag coding, and the 

inclusion of data on the cause of readmissions (specifically for indices related to 

readmissions).  

Further, relationships between marital status and outcomes such as discharge 

destination and LOS is a generally expected association. Though this field was not 

included in the models for Victoria, they were included in WA. Adding this extra factor, 

improved the model fit in the WA data, but a significant improvement in predictive 

ability was not seen for any of the outcomes.  

This thesis also lacked other baseline variables such as functional capacities 

of patients prior to injury (e.g., there could be a likelihood for longer LOS for patients 

with pre-existing functional impairment vs those without), and insurance status (e.g., 

shorter LOS for those without insurance vs those with public or private health cover). 



455 
 

These variables could affect some of the outcomes such as LOS and costs addressed 

in the study. 

Finally, other baseline variables may exist which could improve outcome 

prediction. These could include information on past procedures patients may have 

undergone and current medications.  

In summary, future improvements to the indices should overall attempt to 

improve the baseline models through inclusion of information on functional status, 

hospital information, comorbidity severity, cause for readmission, insurance status, 

past procedures and current medications. 

8.10.3.5 Cost data 

The comorbidity index derivation for costs in this thesis was solely based on 

cost-data from public hospitals. Whilst they are the substantial proportion of hospital 

costs in a jurisdiction, a picture of total costs could be obtained if cost data from private 

hospitals were also available. The more serious injuries are likely to be admitted to 

public hospitals while some of the less severe cases (which are the majority of 

admissions) could also be admitted to private hospitals. The costings of certain 

services in the private sector could also be higher than in the public sector, and if some 

of the services utilised by patients were due to comorbid conditions (e.g., diabetic 

patient will require blood glucose management during hospital stay, whereas a patient 

without will not require it), the costs are likely to increase and could affect the derivation 

of the cost-related comorbidity index. Therefore, the analysis related to costs may 

benefit from adding private-hospital costs and an adjustment for the type of hospital 

sector, in future research. 
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8.11 Use of the comorbidity indices in practice 

8.11.1 Clinical vs statistical relevance 

Clinical significance implies that the results are meaningful clinically, i.e., in real-

life situations. A clinically meaningful result may not be detected if the statistical 

analysis power was low due to a small sample size [84]. Conversely, a result with 

limited clinical significance may be identified when statistical power is very high 

resulting from a large sample.   

The conclusions drawn in this thesis are purely based on statistical analysis of 

retrospective data, except for the clinical input in identifying comorbidities for inclusion 

in models7. Conclusions are hence based on associations identified in the data which 

may not always make clinical sense. Therefore, all (new and existing) indices should 

always be used with reference to the context in which they were derived, and as a 

supplement to rather than as a replacement for clinical knowledge. Below is an 

explanation of how binary or weighted indices may not seem sensible in certain 

instances due to their summation effects. These are examples of how various 

comorbidity indices, their statistical significance and additive nature could distort the 

clinical relevance. 

For example, consider two patients; patients A and B. Patient A has three 

comorbidities, C1, C2 and C3 which are non-life-threatening conditions. Patient B on 

                                            

7 The CCI and ECM lists were based on clinical consensus, and the choices this study made 

about excluding certain conditions prevalent in this study cohort were also based on a combination of 

statistical significance and clinical knowledge. 
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the other hand has one comorbidity (C4) which is life-threatening. Consider the 

outcome of mortality. 

8.11.1.1 Disadvantage of weights 

Given C1-C3 are non-life-threatening, in this example, a weighted index 

allocates a weight of 1 to each condition, and, C4, which is a life-threatening condition 

is allocated a weight of 3. Then performing simple arithmetic; 

Patient A = C1(weight=1) + C2(weight=1) + C3(weight=1) = (summed weighted 

score=3) ➔ death (not likely as the conditions are not life-threatening) 

Patient B = C4 (weight=3)➔death (likely) 

Likelihood of mortality is scored equally for both patients even though clinically it is 

known that Patient B is more likely to die. This suggests that a maximum of weights 

amongst the conditions present might be a better measure than a sum of weights. 

8.11.1.2 Disadvantage of binary representation 

In this example there is no weight, but the binary representation allocates either 

a “1” or “0” depending on the presence of the condition, which in turn does “behave” 

like a weight. 

Patient A = C1(1) + C2(1) + C3(1) = (summed score=3) ➔ death (not likely as the 

conditions are not life-threatening) 

Patient B = C4 (1)➔ no death (whereas in fact death is likely because it is a life-

threatening condition) 

Likelihood of mortality is scored greater for Patient A even though clinically it is known 

that Patient B is more likely to die.  
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The above example shows that summation leads to potentially incorrect 

predictions for individual patients. However, this is balanced by the fact that the 

predictive power of the models in this study was close, suggesting that, whilst there 

might be problems in predicting outcomes for an individual, overall the representations 

are quite close and do not lead to gross errors across the population.  

 The potential bias in different types of scores towards an outcome imply that 

they should be used with caution, especially if used in clinical settings to predict 

outcomes for individual patients. That is, in clinical settings, clinical input (a Delphi 

method for instance) to the indices could potentially provide better insights than a 

purely statistically-derived comorbidity score. Further, adding a factor for the 

comorbidities’ cogency (e.g., life threatening nature of the condition) into the weights 

could aid in adjusting for this summation effect in individual cases. 

8.11.2 Advantages of the AICIs in practical use over the CCI and ECM 

The two main advantages of the AICIs over the CCI and ECM are parsimony 

and relevance to the outcomes of interest. The AICIs as discussed in previous 

chapters are less resource intensive than the ECM. They use less conditions, making 

them even more versatile in settings where information on the presence of 

comorbidities requires data collection (i.e., they are not readily available). 

Nevertheless, in administrative data this is less of an issue since information on most 

comorbidities is collected routinely. Further, some AICIs have a smaller number of 

conditions than the CCI (CCI being more parsimonious than the ECM), making those 

AICIs versatile even over the CCI.  

Another advantage (though not as notable as the former two) of the AICIs over 

the CCI and ECM is the lower number of false negatives. Relative differences in overall 
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predictive power between the AICIs, CCI and ECM, was small, with predictive power 

being mainly determined by the baseline factors, as explained in the previous chapter. 

However, it was seen that there were some gains in using the AICIs over the CCI in 

terms of false negative numbers, though the same cannot be stated with rates as there 

were no statistically significant differences in rates. The number of erroneously 

classified cases (deaths for instance) with the use of the AICIs were lower than with 

the use of the CCI. The insignificant differences in rates imply that the two indices are 

not vastly different in classifying patients, but the lower number of patients erroneously 

classified when using the AICIs could be of value in clinical settings, where individual 

patient numbers matter. 

In clinical settings, it would be important to consider every life that could be 

misclassified; that is minimise the number of erroneously classified patients. For 

example, the index classifies a patient as in no danger of mortality and gets discharged 

from hospital when there is a chance of mortality in the coming days. In that sense, 

the index that is likely to provide the least ‘number’ of incorrect classifications would 

be the recommended index. For most outcomes in the current study, the Elixhauser 

index came out best followed by the newly derived indices, followed by the frequently 

used Charlson index in this aspect. However tedious it might be to use the Elixhauser 

index (given it has the longest list of comorbidities to account for and check presence 

for), it would still be a better choice that the latter two. In research settings however, 

these indices are used with large cohorts of patients and the ‘proportions’ misclassified 

would suffice in determining the usefulness of an index. At this point, if one is reliant 

on an administrative database, the capture of comorbidities using a longer list such as 

the Elixhauser is not cumbersome, as they can be easily extracted. If one were to use 
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medical chart reviews or other means including patient recollection, it might serve 

useful to limit the conditions to those recommended in our new indices. 

8.11.3 Application of comorbidity indices 

Comorbidity indices could fulfil various objectives. In triage settings, when 

patient-care plans and risk classification assessments are necessary, these indices 

can be used for adjusting for comorbidities when they are competing risks (provided 

the injury severity and age do not dominate the outcome). Other potential utilities are 

in evaluating and comparing treatments, and identifying comorbidities relevant to an 

outcome. 

8.12 The importance of this research 

The frequent use of the popular CCI in past research was the motivation for this 

thesis to test its validity among injury patients. The CCI was not derived for injury 

patients, contains conditions clinically irrelevant in present contexts, and was not 

derived for specific outcomes, except for 1-year mortality. This thesis, however, 

showed that the CCI does work well both in an injury context and outcomes other than 

1-year mortality, while it also showed the CCI’s limits. In the event this study was not 

conducted, the CCI’s appropriateness in injury and specific-outcome settings would 

still remain minimally validated, and also the justifiability of the injury-related studies 

of the 29,000 plus citations of the Charlson et al. (1987) paper would remain in 

question.  

The thesis also raised the question of how frequent the review of comorbidity 

indices should take place. The CCI and ECM performed as well as the current AICIs, 

even though the former two are many decades older. Therefore, the AICIs could also 

be expected to age well, given the similar performance capacities. The exception will 
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be when chronic disease prevalence changes substantially. Prevalence of a disease 

could increase or decrease over time. For example, the prevalence of peptic ulcer 

disease would be less now than when the CCI was developed as the condition now 

has better treatment options, and therefore does not remain a chronic disease. 

However, with low prevalence, the disease will have little effect on the CCI and ECM, 

making the two indices more parsimonious and causing them to behave more like 

most AICIs for peptic ulcer.  

Therefore, a (dramatic) increase in prevalence could determine whether the 

indices need a review. The present study did not look at temporal trends in injury and 

comorbidity; therefore, the performance of the three indices across time was not 

assessed using data from this study. Overall, this thesis has shown that comorbidity 

indices may not require updating often, but should be reviewed at least every decade 

to ensure they remain applicable. 

8.13 Future research 

8.13.1 Researching other outcomes 

This thesis assessed the association between comorbidity and outcomes of 

hospital admitted injury patients; outcomes in relation to mortality, burden and 

complications, the latter two representing a burden on both patients and hospitals. 

Apart from these, comorbidity may play a more significant role in outcomes such as 

functional status - which represents an ability to perform daily activities of living. For 

instance, a patient with musculoskeletal conditions who has a fall, may likely find that 

recovery takes much longer and require more support. If other data sources apart from 

hospital data are used, there may be a possibility of assessing the associations 
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between other functionality-related outcomes such as recovery-time post discharge or 

time to return to work, and comorbidities. 

8.13.2 Other options for derivation and validation 

This project derived a suite of comorbidity indices based on an analysis of 

retrospective administrative data. It is recommended that in the future, these new 

indices should be validated using data from medical chart review. Further, new indices 

could also be derived using such data. Both these (validation and derivation using 

chart data) will assist in establishing if administrative data is sufficient or chart review 

can improve the capture of the association between comorbidities and outcomes.  

Another potential focus is to validate the indices in a prospective study. 

Outcome prediction tools are now being widely researched, and industry giants such 

as Google and IBM are already in the process of establishing such tools using artificial 

intelligence. In populations with a high prevalence of comorbidities, and to outcomes 

where comorbidities are highly relevant (such as LOS and costs over readmission and 

mortality), prospective prediction tools will be of value. They could be tailored for use 

especially in clinical settings. The tool would not be intended to replace clinical 

knowledge, but could be used for assisting clinical decisions. This could be highly 

relevant at point of hospital admission for risk-stratifying patients and allocating 

resources. Finally, they will also be useful in care settings when the possibility of a 

patient’s health deteriorating can be predicted. 

8.13.3 Next steps for usage of comorbidity indices 

Derivation and validation of comorbidity indices are important, but the end-goal 

is the appropriate use after their development. As discussed in previous sections, the 

performance ability of an index varies with the study population and outcome.  
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As an extension to this project, the compilation of a user manual for comorbidity 

indices is recommended. This would include a guide to choices of appropriate indices, 

recommendations of when, where and why each should be used, and adaptations that 

should be considered.  

8.13.4 Relevance in the future 

The current demographic trend is towards an ageing population with increased 

likelihood of chronic diseases (includes conditions such as obesity). Older cohorts are 

also likely to have more injuries related to events such as burns and falls. Furthermore, 

there is a trend for older persons to remain in their own home for longer, whereas in 

the past they moved to residential care facilities at an earlier age. Living on their own 

makes older persons more susceptible to injury. They are also likely to have more 

chronic diseases (arthritis for instance) than their younger counterparts, and therefore 

prone to more serious outcomes such as hip-fractures should they have a fall.  

Apart from these, changes in lifestyle (inactivity, smoking etc.), including 

changes in occupational hazards, all contribute to a change in injury epidemiology and 

susceptibility to chronic diseases. On the positive side of life-style changes, increased 

physical activity for health reasons, healthy eating habits etc. can contribute to a 

reduction in injury and chronic disease. However, extra physical activity also increases 

chances of injury and could add to the injury burden. In this context, establishing the 

correct associations between a population’s characteristics, comorbidities and 

outcomes are important in the management of injury patients in the future, planning of 

health and social service resources, and assessing risk for actuarial purposes. To that 

extent, robust comorbidity indices are likely to become increasingly relevant for injury 

patients.
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9 Appendices 

Appendix 1: Methodological framework for the injury comorbidity index study 
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Appendix 2: ICD-10 codes used to identify comorbidity groups 

The following is a list of the 34 comorbidity groups identified in the CCI and 

ECM algorithms  according to Quan et al. [47] and Sundararajan et al. [48]. 

Comorbidity group ICD-10 code 

HIV/AIDS B20-B24 

Alcohol dependence 

F10, E52, G62.1, I42.6, K29.2, K70.0, K70.3, K70.9, 

T51.x, Z50.2, Z71.4, Z72.1 

Drug dependence F11.x-F16.x, F18.x, F19.x, Z71.5, Z72.2 

Any malignancy 

C00.x-C26.x, C30.x-C34.x, C37.x- C41.x, C43.x, 

C45.x-C58.x, C60.x- C76.x, C80, C81.x-C85.x, C88.x, 

C90.x-C97.x 

Blood loss anaemia D50.0 

Cardiac arrhythmias 

I44.1-I44.3, I45.6, I45.9, I47.x-I49.x, R00.0, R00.1, 

R00.8, T82.1, Z45.0, Z95.0 

Cerebrovascular disease G45.x, G46.x, H34.0, I60.x-I69.x 

Chronic pulmonary 

disease 

I27.8, I27.9, J40.x-J47.x, J60.x-J67.x, J68.4, J70.1, 

J70.3 

Coagulopathy D65-D68.x, D69.1, D69.3- D69.6 

Congestive heart failure 

I09.9, I11.0, I13.0, I13.2, I25.5, I42.0, I42.5-I42.9, 

I43.x, I50.x, P29.0 

Deficiency anaemias D50.8, D50.9, D51.x-D53.x 

Dementia F00.x-F03.x, F05.1, G30.x, G31.1 
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Depression F20.4, F31.3-F31.5, F32.x, F33.x, F34.1, F41.2, F43.2 

Diabetes with chronic 

complications 

E10.2-E10.5, E10.7, E11.2-E11.5, E11.7, E12.2-

E12.5, E12.7, E13.2- E13.5, E13.7, E14.2-E14.5, 

E14.7 

Diabetes without 

complications 

E10.0, E10.1, E10.6, E10.8, E10.9, E11.0, E11.1, 

E11.6, E11.8, E11.9, E12.0, E12.1, E12.6, E12.8, 

E12.9, E13.0, E13.1, E13.6, E13.8, E13.9, E14.0, 

E14.1, E14.6, E14.8, E14.9 

Fluid and electrolyte 

disorders 

E22.2, E86.x, E87.x 

Hemiplegia/paraplegia 

G04.1, G11.4, G80.1, G80.2, G81.x, G82.x, G83.0-

G83.4, G83.9 

Hypertension complicated I10.x 

Hypertension 

uncomplicated 

I11.x-I13.x, I15.x 

Hypothyroidism E00.x-E03.x, E89.0 

Metastatic solid tumor C77.x-C80.x 

Mild liver disease 

B18.x, K70.0-K70.3, K70.9, K71.3-K71.5, K71.7, 

K73.x, K74.x, K76.0, K76.2-K76.4, K76.8, K76.9, 

Z94.4 

Moderate or severe liver 

disease 

I85.0, I85.9, I86.4, I98.2, K70.4, K71.1, K72.1, K72.9, 

K76.5, K76.6, K76.7 

Myocardial infarction I21.x, I22.x, 125.2 

Obesity E66.x 
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Other neurological 

disorders 

G10.x-G13.x, G20.x- G22.x, G25.4, G25.5, G31.2, 

G31.8, G31.9, G32.x, G35.x-G37.x, G40.x, G41.x, 

G93.1, G93.4, R47.0, R56.x 

Peptic ulcer disease K25.x-K28.x 

Peripheral vascular 

disease 

I70.x, I71.x, I73.1, I73.8, I73.9, 177.1, 179.0, I79.2, 

K55.1, K55.8, K55.9, Z95.8, Z95.9, R02 

Psychoses F20.x, F22.x-F25.x, F28.x, F29.x, F30.2, F31.2, F31.5 

Pulmonary circulation 

disorders 

I26.x, 127.x, I28.0, I128.8, 128.9 

Renal disease including 

renal failure 

I12.0, I13.1, N01, N03, N05.2- N05.7, N072, N073, 

N074, N18.x, N19.x, N25.0, Z49.0- Z49.2, Z94.0, 

Z99.2  

Rheumatic disease 

including 

some other connective 

tissue disorders 

L94.0, L94.1, L94.3, M05.x, M06.x, M08.x, M12.0, 

M12.3, M30.x, M31.0- M31.3, M32.x-M35.x, M45.x, 

M46.1, M46.8, M46.9, M31.5, M36.0 

Valvular disease 

A52.0, I05.x-I08.x, I09.1, I09.8, I34.x-I39.x, Q23.0-

Q23.3, Z95.2- Z95.4 

Weight loss E40.x-E46.x, R63.4, R64 
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Appendix 3: Ethics approvals 
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