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ABSTRACT 

In shortening length of stay (LOS) in the public hospitals, there is a need to examine 

the trends of its changes and its influencing factors. This thesis explores most suitable 

modelling approaches for linking LOS and its influencing factors. It also discusses the 

relationship between LOS and Casemix funding. 

In order to understand the relative importance of factors influencing LOS, a Delphi 

evaluation was conducted through interviewing health care practitioners. Six 

important, 48 significant and four not important detenninants of LOS were identified. 

The relationship among these factors and the implications of this evaluation were 

explored. 

Two modelling methods, namely a holistic approach and mixture distribution analysis, 

and their applications were discussed. In the holistic approach proposed, firstly, the 

underlying distribution of LOS should be determined. Secondly, based on the 

determined distribution, a discordancy test trimming method could be applied to 

determine the trim points. This procedure would assist in distinguishing the inliers 

from the outliers. Thirdly, since normality of the distribution might not be attained 

simply by transforming LOS, appropriate regression models such as a gamma 

regression model should be required to reflect the relationship between LOS and its 

influencing factors. This would provide insights into the different effects of influencing 

factors between inliers and outliers. It would also help prescribe appropriate policy 

measures to reduce LOS. The holistic approach was useful in simultaneously 

identifying the appropriate underlying influencing factors of LOS and determining trim 

points for funding purposes. 

As an alternative way of modelling LOS and its influencing factors, mixture 
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distribution analysis was found to he able to confirm the homogeneity of certain 

Diagnosis Related Groups (DRGs). It could also reveal the heterogeneous patterns of 

other DRGs. For those DRGs exhibiting heterogeneity in LOS, related socio-

economic factors influencing LOS were compared and contrasted between 

components by Poisson mixture regressions. Such an analysis provided an integrated 

framework to link funding with relevant influencing factors of LOS. A Poisson 

mixture regression model could give useful insights for state health institutions to 

initiate efficient Casemix payments. It could also benefit hospital managers and 

clinicians to manage LOS effectively. 

An evaluation of the effects of Casemix funding on LOS and other relevant hospital 

perfonnance measures was presented. Some evidence of the influence of Casemix 

funding on LOS and other hospital performance indicators since the implementation 

was been identified. The implications of the study in shortening LOS and promoting 

the efficiency of hospital management were discussed. 

A summary of the conclusions in terms of the shortening LOS in the public hospitals 

of the Northern Tenitory was presented, and further research topics were discussed. 
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CHAPTER 1 INTRODUCTION 

1.1 BAcKGRoUND 

1.2 OBJECTIVES 

1.3 ORGANISATION OF THE THESIS 



Chapter 1 INTRODUCTION 

1.1 BACKGROUND 

The increase of costs in health care has led to a change in the Australian health care 

system over the last two decades. The Australian Institute of Health and Welfare 

detailed many of these changes in its publication Australia's Health 1994 

(Australian Institute of Health and Welfare, 1994). These significant changes include 

increased rates of hospital admission, increased number of consultations with 

medical practitioners, and a substantial rise in per capita health expenditure (Palmer 

and Short, 1994; Australian Institute of Health and Welfare, 1995). 

As the cost of medical care continues to increase, attention should he focused on its 

most expensive component - hospitalisation. To reduce hospital costs, economic 

incentives such as those employed by Health Maintenance Organizations (HMOs), 

copayment plans and pre-payment methods have been implemented widely in the U.S. 

Most of them are based on Diagnosis Related Groups (DRGs) and much attention has 

been paid to the reduction of hospital length of stay (LOS) as an effective way of 

reducing hospital costs (Luft, 1978; Davis and Rhodes, 1988; Rayner, 1988; Schramrn 

and Gabel, 1988; Kominski and Witsherger, 1993). 

In 1989, DRGs and Casemix funding were introduced into Australia to deal with the 

pressure of increasing medical expenditure (Duckett, 1994). DRGs are infonnation 

tools used to classify episodes of patient care which are based upon the principal 

diagnosis, significant secondary diagnosis, age and gender of patients, surgical 

procedures, comorhidities, complications, birth weights (neonates only) and type of 

discharge. Some overseas variants of DRGs including those of the U.S. and U.K. can be 

found in Eagar and Hindle (1994a). Casemix funding is an initiative of the 

Commonwealth and States/Territories to fund hospitals in order to promote better 

management, measurement and payment of high quality and efficient health care 

services based upon DRGs classifications (Eagar and Hindle, 1994a and 1994h). After 

introducing DRGs and the Casemix system, their effects on the hospital lengths of stay 

and efficiency need to he scrutiiiised. Especially after the implementation of Casemix 



funding in the public hospitals of the Northern Territory in 1996, whether it is an 

effective form for reducing LOS remains as an open question. 

Although economic incentives can decrease hospital use and costs, their consequeices 

on patients' access to health care and the quality are controversial. To maintain quality 

and access, it is important to apply cost-contaimnent measures on uimecessary or 

medically inappropriate services (Chassin, 1983; Kemper, 1988). Whether the measures 

taken for shortening LOS will iiifluence the quality of care and access also needs to be 

exainiiied in the public hospitals of the Northern Territory. 

By the end of the seventies, hospital administrators and health economists have realised 

that the LOS is a significant measure that reflects the efficiency and performance of 

hospitals, and they have carried out a series of researches in curtailing LOS (Lasso, 

1986). In the past few decades, there has been a very significant decline in the average 

LOS. This treiid has been seen internationally (Chassin, 1983; Morgan, 1988; Mathers 

and Harvey, 1989; Morgan and Beech, 1990; Australian Institute of Health and 

Welfare, 1994 and 1997). What has caused the decline in LOS needs to be reviewed. 

Reducing LOS may not affect the outcomes achieved for individual patients, but 

nevertheless may lead to considerable savings in tenns of the health care resources 

required in their treatment, and can therefore be more efficient. To the extent that such 

savings enable larger numbers of patients to be treated with a given level of resources 

(hospital beds, doctors, nurses, etc.), the effectiveness of the health care system is 

increased. Questions of the appropriateness of resource use are thus central to the 

promotion of good quality, cost-effective care (Barrack et al., 1995). 

The hospital network of the Northern Territory consists of five public hospitals and 

one private hospital. All hospitals provide general inpatient and outpatient services, 

and accident and emergency services. Royal Darwin Hospital and Alice Springs 

Hospital offer a wide range of specialist services. Both are specialist teachhig 

hospitals of the University of Sydney. All the hospitals are remote from the rest of 

Australia. The Aboriginal population represents 27% of the total population in the 

Northern Territory, two thirds of whom live in remote communities. Aboriginal 

people experience significantly higher levels of mortality and morbidity than other 



Australians. The health status of Aboriginal people in remote communities has been 

found to he the worst in Australia. For all causes of death combined, there were 3.5-

4.0 times more deaths than expected among Aboriginal people in 1992-1994 

(Australian Institute of Health and Welfare, 1994; Plant et al., 1995; Anderson et al., 

1996; McLeiman and Madden, 1997). 

Territory hospitals have special health service issues (Plant et al., 1995; Legislative 

Assembly of the Northern Territory, 1996), including: 

• More than 50% of bed days are attributable to Aboriginal patients. 

• The illness load in these patients is higher than the national average. 

• Discharge patterns are complicated by the distances patients have to travel. 

Table 1. 1 lists the average LOS (ALOS) for public hospitals of the Northern 

Territory, which shows that there is a similar decreasing trend in ALOS in the 

Northern Territory as in Australia as a whole, there is a difference in ALOS between 

teaching and non-teaching hospitals, and the figures are relatively lower than the 

national average. This poses a need for understanding the reasons of decline in 

ALOS and these differences. 

Table 1.1 ALOS for public hospitals, Northern Territory, 1991/92-1996/97 * 

Fiscal year Teaching hospitals Non-teaching hospitals Total National Average for 
public hospl tals** 

1991/92 6.03 - - 5.2 
1992/93 5.78 4.47 5.12 5.2 
1993/94 5.40 4.35 4.87 5.1 
1994/95 5.30 4.14 4.72 4.8 
1995/96 5.06 4.10 4.58 4.6 
1996/97 4.86 373 4.30 - 

Source: * Calculated from Morbidity Database, Territory Health Services; ** Australian Institute of 

Health and Welfare, 1997. 

Tables 1.2 and 1.3 show that there is a great difference of ALOS between Aboriginal 

and non-Aboriginal patients, and the ALOS for Aboriginal patients is much higher 
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than the national average. It is very important to find out the reasons for this 

difference in order to shorten LOS efficiently. 

Table 1.2 ALOS for Aboriginal and non-Aboriginal patients and their differences, Northern 
Territory, 1991/92- 1996/97 

Fiscal year Aboriginal Non-Aboriginal Difference in days 

1991/92 8.08 4.43 3.66 
1992/93 7.29 4.15 3.14 
1993/94 7.03 3.93 3.10 
1994/95 5.89 3.86 2.03 
1995/96 4.98 3.58 1.39 
1996/97 4.78 3.46 1.32 

Source: Calculated from Morbidity Database, Territory Health Services. 

Table 1.3 ALOS by DRG for children aged under 10 years, Royal Darwin Hospital, 1993-95 

DRG Aboriginal Non-Aboriginal National Ratio of stay 
average Aboriginal:Non-Aboriginal 

180 6.4 3.1 4.1 2.0:1 
186 4.8 2.1 2.5 2.0:1 
335 8.6 1.9 2.7 3.5:1 
533 12.3 3.5 5.0 5.5:1 

Source: Ruben, 1996. 

In this dissertation, the author has tried to provide answers to the following 

questions: 

What are the trends in changes of LOS in the public hospitals of the Northern 

Territory? 

Why has LOS declined? What are the major factors influencing LOS? 

What are the most suitable modelling approaches in linking LOS and its 

influencing factors? 

Has Casemix funding (as a macro intervention) induced the decline in LOS? 

What measures can we take to shorten LOS further? If LOS is shortened, will 

the quality of care be affected and how will it be affected? 

How to fund hospitals efficiently in order to guarantee the shortening of LOS 

without compromising quality of care? 
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1.2 OBJECTIVES 

The research firstly aims to find out the significant factors influencing LOS through 

qualitative and quantitative analyses, and to explore possible and feasible ways to 

shorten LOS in order to improve efficiency of hospital inallagelnent and quality of 

care in the public hospitals of the Northern Territory. 

Secondly, the research links the modelling of LOS to appropriate funding allocation 

models in order to achieve the goal of improving efficiency and quality of care in the 

public hospitals of the Northern Territory. 

This dissertation covers the following: 

Use of the Delphi evaluation to investigate the relative importance of the 

factors influencing LOS. 

Exploration of appropriate modelling approaches for linking LOS and its 

influencing factors, and for linking LOS modelling with efficient hospital 

funding. 

Evaluation of the effects of Casemix funding on LOS and quality of care 

indicators. 

Exploration of the possibility and feasibility of shortening LOS in the public 

hospitals of the Northern Territory. 

1.3 ORGA NISA TON OF THE THESIS 

In Chapter 2, a review of current research and development in the field of shortening 

inpatient LOS and LOS modelling issues is provided. 

In Chapter 3, a Delphi evaluation of the factors influencing LOS is presented. 

Row/column effects loglinear modelling is used to compare ratings between the first 

and second rounds, and between the clinical and non-clinical groups. Rating scale 

modelling is used to classify and determine the relative importance of each factor. 

Six important, 48 significant and four not important determinants of LOS are 
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identified. The relationship among these factors and the implications of this 

evaluation in shortening LOS are explored. 

In Chapter 4 and 5, two quantitative modelling methods, namely a holistic approach 

and mixture distribution analysis, and their applications, are discussed. In the holistic 

approach proposed, firstly, the underlying distribution of LOS should be determined. 

Secondly, based on the determined distribution, a discordancy test trimming method 

can be applied to determine the trim points. This procedure will assist in 

distinguishing the inliers from the outliers. Thirdly, since normality of the 

distribution may not be attained simply by transforming LOS, appropriate regression 

models such as a gamma regression model is required to reflect the relationship 

between LOS and its influencing factors. This would provide insights into the 

different effects of influencing factors between inliers and outliers. It will also help 

prescribe appropriate policy measures to reduce LOS. The holistic approach is useful 

in simultaneously identifying the appropriate underlying influencing factors of LOS 

and determining trim points for funding purposes. 

Mixture distribution analysis is proposed to analyse the distributional characteristics 

of LOS. The approach can confirm the homogeneity of certain DRGs. It can also 

reveal the heterogeneous patterns of other DRGs. For those DRGs exhibiting 

heterogeneity in LOS, related socio-economic factors influencing LOS are compared 

and contrasted between components by Poisson mixture regressions. Such an 

analysis provides an integrated framework to link funding with relevant factors 

influencing LOS. A Poisson mixture regression model can give useful insights for 

state health institutions to initiate efficient Casemix payments. It also benefits 

hospital managers and clinicians to manage LOS effectively by focusing on different 

factors in the different components identified. 

In Chapter 6, an evaluation of the effects of Casemix funding on LOS and other 

relevant hospital performance measures is presented. Time series analysis and 

intervention analysis are used as evaluation tools. Some evidence of the influence of 

Casemix funding on LOS and other hospital performance indicators since the 

imnplemnemitation has been identified. There are significant tendencies of declining 

ALOS and number of bed-days, and increasing weighted separations for teaching 



and non-teaching hospitals, and increasing costliness in terms of Casemix index for 

non-teaching hospitals. No apparent evidence of decline in quality of care has been 

found in tenus of re-admission rates. The implications of the study in shortening 

LOS and promoting the efficiency of hospital management are discussed. 

In the last chapter, Chapter 7, a summary of the conclusions in terms of the 

possibility and feasibility of shortening LOS in the public hospitals of the Northen 

Territory are presented, and further research topics are discussed. 
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Chapter 2 LITERATURE REVIEW 

2.1 INTRODUCTION 

LOS for hospital inpatients is a measure of time elapsed between admission and 

separation (Douglas et al., 1996). It is one of the most useful and essential indicators 

that reflect the efficiency and performance of a hospital. It is also one of the best 

available indicators of resource use for acute hospitals (Morgan and Beech, 1990; 

Eagar and Hindle, 1994). LOS is also utilised as a clinical outcome measure in the 

comparisons of two or more different procedures in various fields of Surgery 

(Engelman et al., 1994; Weingarten et al., 1994; Nuchtern et al., 1995), Obstetrics and 

Gynaecology (Mazdisiiian et al., 1995), Paediatrics (Sutters et al., 1995) and 

Emergency Medicine (Sadaghdar et al., 1995). It is also used in the evaluation of 

nursing or pharmacy management (Bjornson et al., 1993; Redeker et al., 1994). 

In the past few decades, there has been a very significant decline in the average lengths 

of stay of acute inpatients. This trend has been seen internationally (Chassin, 1983; 

Morgan, 1988; Mathers and Harvey, 1989; Morgan and Beech, 1990; Hang et al., 1992; 

Australian Institute of Health and Welfare, 1994 and 1997). Health economists and 

hospital managers have been trying to identify major factors influencing inpatient 

lengths of stay and ways to reduce the LOS so as to improve the efficiency of hospitals 

and quality of health care. Most important in the U. S., for example, is the 

implementation of Medicare's Prospective Payment System (PPS) based on Diagnostic 

Related Groups. Under its influence, prospective payment has been effectively applied 

by alternative delivery systems. Health Maintenance Organizations, Preferred Provider 

Organizations, and Ambulatory Surgery Centers have successfully adapted the PPS 

concept of clustering services on a risk/reward basis, which further decrease the LOS in 

the U. S. (Davis and Rhodes, 1988; Koniinski and Witsberger, 1993). 

There is some research on lengths of stay in Australia, but the exact causes of the 

changes are not well understood. Especially, in recent years, in response to the 
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introduction of the DRG system into Australia, and its use in the funding of public 

hospitals, the effects of Casemix funding on the inpatient length of stay, costs and 

quality of care have caused a series of debates among health authorities, hospital 

managers and clinicians (Price, 1994; Hunter and McFarlane, 1994; Duggan, 1994). 

Therefore, it is necessary to review all of these changes and their causes. 

In this chapter, the changes in the length of stay of acute inpatients are first reviewed. 

The various causes of these changes are then identified comparing with those 

changes in the U.K. and the U.S. Finally modelliiig issues about LOS are discussed. 

2.2 TRENDS IN LENGTH OF STAY 

The length of inpatient stay has shown a steady decliiie in most countries since the 

1960s (Chassin, 1983; Morgan, 1988; Mathers and Harvey, 1989 Morgan and Beech. 

1990; Hang et al., 1992; Australian Institute of Health and Welfare, 1994 and 1997). 

For example, data published in the Vital and Health Statistics show a continuing 

decline in average LOS for all age groups except the age group of less than 15 years 

of age in hospitals in the U. S. (see Table 2. 1). 

Table 2.1 ALOS (days) for discharges from short-stay hospitals, by age, United 
States, 1970-1995 

Age 1970 1975 1980 1985 1990 1995 

< 15 4.7 4.6 4.4 4.6 4.8 4.5 
15- 5.7 5.7 5.2 4.8 4.6 3.9 
45- 9.3 9.0 8.2 7.0 6.8 5.5 
>= 65 12.6 11.6 10.7 8.7 8.7 6.8 

All ages 7.8 7.7 7.3 6.5 6.4 5.4 
Source: Gillum et al.. 1998. 

A similar trend of a declining LOS has also characterised hospital use in the U.K., 

although overall LOS continues to be lower in the U.S. than that in the U.K. (Morgan 

and Beech, 1990). 



Acute care hospital data from 1969-70 to 1995-96 for Australia show a similar trend 

(see Table 2.2). 

Table 2.2 Trends of ALOS (days) in Australia, 1969-70 to 1995-96 

Fiscal year Public hospitals Private hospitals Total 

1969-70 9.8 7.3 9.3 

1974-75 8.8 7.6 8.5 

1969-70 7.8 7.2 7.7 

1979-80 7.2 5.3 6.7 

1984-85 6.5 5.2 6.2 

1987-88 6.0 4.6 5.6 

1989-90 5.3 4.2 5.0 

1991-92 5.2 4.0 4.8 

1993-94 5.1 3.9 4.8 

1995-96 4.6 3.7 4.5 

Source: Mathers and Harvey, 1989; Australian Institute of Health and Welfare, 1994 and 1997. 

Another factor to he considered is the different methods of calculating LOS iii 

various countries. For example, in Australia, LOS is usually calculated as separation 

date minus admission date except in the case of same day stays which are counted as 

"1" as are one day overnight stays (Rainbow Hospital Indicators, 1995). In Europe, 

however, a working Party for Comparative International Statistics associated with 

both the International Hospital Federation and the Hospital Committee of the 

European Community define LOS as date of discharge less date of admission plus 

"1". This methodology reports a stay about one day longer than the usual Australian 

measure. In some states of the U.S., LOS is calculated excluding same day stays. In 

many DRGs with same day components this method will yield an evidently long stay 

(Rainbow Hospital Indicators, 1995). 

Examining the general factors in these countries can give insight into factors 

influencing LOS so that this information can be taken account of in the study of 

shortening LOS in the public hospitals of the Northern Territory. 
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2.3 FACTORS INFLUENCING LENGTH OF STAY 

Four groups of factors have been identified in the literature. Health financing at the 

national, state or territory level, health policy at all levels including national, state or 

territory and local level, clinical technology and clinical practice, and patient 

characteristics are among the important factors which influence LOS. 

2.3.1 Health financing 

An important factor contributing to variations in LOS is the difference in the 

methods of financing the delivery of health care. These methods are quite different in 

the U.K., U.S. and in Australia. 

In England for example, hospitals in the National Health Service (NHS) work on a 

fixed budget, which is largely determined by the size and age/sex structure of the 

populations served. As a result, the major aim is thus to keep spending within total 

budget. There is little financial incentive to adopt short stay, because although these 

practices reduce costs per case, they are likely to lead to greater total costs and a 

possible budget overspend if they result in a greater throughput of patients 

(Secretaires of State for Health et at., 1989). Harrison (1997) describes the recent 

changes in English hospitals, with particular reference to the impact of the NT-IS and 

Community Care Act of 1990. The author found that the NT-IS and Community Care 

Act of 1990 radically changed the financial and organisational framework within 

which hospitals operate. By creating separate purchasing orgallisations, the act 

opened the way for competition between hospitals. Central directives who aimed at 

reducing waiting times for non-urgent admissions, as well as at raising the volume of 

work done relative to the finances available had more significant influence than 

competition. These changes, conibined with the rising number of emergency 

admissions, have put the physical and human resources of hospitals in the U.K. under 

intense pressure. Admissions have risen and LOS has fallen across all age groups. 

Dowswell et al. (1997) and Moss and Garside (1997) also discussed the effects of the 

NT-IS reform on the LOS, hospital efficiency and quality of care. 



In the U.S., health care is mainly based on fee for service, with coverage being 

provided by third party payers. Since both physicians and hospitals are reimbursed at 

cost, as a fee for each service rendered, this has encouraged high rates of hospital 

admissions and procedures performed, and has led to a rapid escalation of health 

service expenditure (Quam, 1988). As a result, various cost containment and 

regulatory measures have been introduced by the Health Care Financing 

Administration with the primary concern of reducing "unnecessary" hospital 

admissions and over-treatment in the Medicare system (Schroeder, 1987). These cost-

cutting measures have also influenced LOS, which led to the review of the patients' 

iieed for admission, the examination of appropriateness of services received and its 

liiiks to LOS, and the more preferrable favourable coverage given by insurance 

companies for ambulatory surgery compared with inpatient admission (Feldstein et 

al., 1988). While these mechanisms have formed general features of cost 

contaimrient measures in American health care, they have assumed particular 

importance in relation to government funded programmes. 

In addition to this aspect in the U.S., beginning in 1983, reimbursement of hospital 

charges of Medicare patients (over 65s and handicapped) has been based on a 

prospective payment system. The new scheme differed from the old in three 

important respects (Pointer and Ross, 1984). First, the unit of payment changed from 

'service provided' to 'cases discharged', classified by DRG. Second, the payment is 

no longer made on the basis of costs incurred but is an established payment rate for 

each discharge taking account of the patient's DRG classification. Third, payments 

are made prospectively (before the care is given) rather than retrospectively. This 

new system of hospital financing has been described by one author as the "most 

significant transformation in almost two decades" (Viadeck, 1984). The introductioll 

of prospective payment based on DRGs was important in serving the direct link 

between the provision of services and payment for them, and provided incentives for 

hospitals to he more efficient by reducing the LOS and intemisity of treatment, since 

this offered the reward of increased profits rather than reduced revenue (Bevan, 

1989). Another change in 1984 was that Professional Review Organizations replaced 

Professional Standards Review Organizations to monitor hospital use under the 

Medicare prospective payment system. Professional Review Organizations are 

12 



regarded as agents of both cost containment and quality assurance and have specific 

objectives designed to achieve these aims. One of the objectives of DRGs in 

reviewing admissions is to identify those who can safely and effectively be treated on 

an outpatient basis and thus shift care from inpatient to outpatient settings (Dans et 

cii., 1985). These regulatory systems and methods of payment introduced from the 

early 1980s appear to have been effective in reducing admission rates and LOS in the 

U.S. (Schramm and Gahel, 1988). 

Under its influence, prospective payment has been effectively applied by alternative 

delivery systems. Preferred Provider Organizations, Health Maintenance 

Organizations (HMOs) and Ambulatory Surgery Centers have successfully adapted 

the PPS concept of clustering services on a risk/reward basis, which further decreases 

the LOS in the U.S. (Davis and Rhodes, 1988; Korninski and Witsberger, 1993). 

Unlike the fee for service system. HMOs integrate the financing and delivery of 

health care. They encourage the control of costs through operating within a fixed 

budget, while physicians often benefit from any surplus achieved. There are thus 

incentives to deliver cost-effective care, with a need to work within a global budget 

and to offer a service that is attractive in tenns of cost and quality to maintain a 

competitive position (Luft, 1978; Rayner, 1988). Meanwhile, researchers in the U.S. 

found that after the implementation of PPS, in general, there was no evidence of a 

deterioration in care. Contrary to expectation, readmission rates were unaltered 

(DesHarnais et ai., 1988), and even declined (Health Care Financing Administration, 

1990). 

Different from Medicare in the U.S., Medicare, introduced in Australia in 1984, 

entitled all Australian citizens to free public hospital access. Since then, there has 

been a considerable improvement in the productivity of public hospitals, with LOS 

and costs per admission declining. However, the historical financing system is still 

widely used and provides little incentive for hospitals to actively increase output. The 

introduction of a new prospective financing system similar to the U.S. was spread-

headed by the Department of Health of Victoria in 1989 (Natiomial Health Strategy, 

1991). Since July 1992, Australian National Diagnosis Related Groups (AN-DRGs) 

have been established to more accurately reflect Australian clinical practice than 
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previous variants of the DRG system (Eagar and Hindle, 1994a). A comparison of 

different variants of the DRG system can he found in Eagar and Hindle (1994a) 

The introduction of DRGs into Australia and its use in Casemix funding in the late 

80s, however, has led to concerns that hospitals, faced with budgetary problems, may 

he tempted to discharge patients prematurely after inadequate treatment (Hanson and 

O'Dea, 1994; Nelson, 1994; Hickie, 1994; Pilla, 1994; Phillips, 1994; Stoelwinder, 

1994; Duggan, 1994; McCaughan and Picone, 1994; Phelan, 1994; Kemedy et al., 

1995). The study by Sihbritt (1994) of the New South Wales Health Services 

Research Group showed that there is no significant difference between readmission 

rates classified according to length of stay. There was, however, some evidence of an 

increase in discharge of patients in an unstable state and more were transferred to 

nursing homes. Thus, there is a need to monitor the discharge status of patients, 

particularly the frail elderly, with Casemix fuiidiiig in Australia (Duggan, 1994). 

Therefore, the influences of AN-DRGs on patient Casernix and LOS, and the value 

of this risk transfer from payers to providers, need to he examined in great detail in 

Australia. 

Another important factor influencing LOS is the impact of health policy 

2.3.2 Health policy 

Different health policies have diverse effects on LOS. Take the supply of acute 

hospital beds for instance. London Health Planning Consortium (1979) found that a 

high level of supply is associated with a longer LOS. This is generally viewed as 

reflecting the effects of the level of pressure on beds in raising or lowering thresholds 

for discharge, as well as influencing the efficiency of the organisation at a hospital 

level. 

Health policy also influences LOS not only because of the provision of services at a 

hospital level but also because of the availability of alternative facilities, including 

convalescent, nursing homes and home care, and perceptions of the quality of 
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general practitioner care in the area (Eastaugh, 1980; Morgan, 1988; Keirney and 

Dubay, 1992). Kenney and Holahan (1990 and 1991) found that hospitals with their 

own nursing home units experienced earlier discharges. They conducted a study to 

examine the detenninants of hospital mean length of stay and transfer rates to skilled 

and intermediate care homes for selected DRGs with high levels of post-acute 

service use. Hospitals in low bed supply areas were found to have proportionately 

fewer nursing home transfers and longer ALOS. 

The link between health policy and LOS can also be examined through the efficiency 

of the organisation of care at a hospital level. The efficiency depends on the 

characteristics of the health care system, as well as of hospital circumstances and 

administrative arrangements. For example, organisational practices which affect LOS 

include the day and timing of admission, Friday and Saturday admissions leading to 

a longer stay, as do admissions after 3 p.m. (Baharo et al., 1977), while pre-

admission testing has the potential to reduce preoperative LOS (Cannoodt and 

Knicliman, 1984). The length of postoperative stay is dependent on the organisation 

of discharge; when discharge decisions are made on the consultant's ward round, the 

frequency of ward rounds can influence LOS (Griffiths et al., 1993), while delays 

may also occur through the lack of early discharge planning, and through problems 

of arranging alternate accommodation or services required following discharge (Cabl 

and Mayers, 1983; Anderson et al., 1988). 

Health policy at hospital level needs to he examined to reflect its relative importance 

on reduction of LOS in the public hospitals of the Northern Territory. 

2.3.3 Clinical technology and practice 

Changes in medical technology have resulted in many changes to clinical practice, 

and thus affected LOS. 

Faithfull and Goulston (1985) and Cox et al. (1992) compared the ALOS and other 

indicators of laparoscopic cholecystectouiy (introduced to Australia in May 1990) 
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with traditional open cholecystectomy. They found that the ALOS for laparoscopic 

cholecystectomy was much shorter than that for open cholecystectomy with reduced 

bed occupancy, minimal morbidity and a more rapid return of patients to normal 

activities. 

Werinherg and Giyyrldohn (1982) gave another example of the changes in 

gastrointestinal investigation. They found that the average annual number of barium 

meal examinations decreased by 67%, while the number of gastroscopies increased 

by 36% over the same period. These changes, together with other diagnostic and 

therapeutic procedures, decreased the need for surgery and reduced the length of stay 

in hospitals. 

However, some procedures, includimig hip fracture and inguinal hernia repair, show 

much less variation in LOS than hysterectomies, tonsillectomies and prostatectomies 

(Wennherg et al., 1987). This has been attributed to differences in professional 

uncertainty, or the degree of medical consensus regarding the clarity of diagnoses, 

efficacy of treatment, and timing of that treatment or procedure. 

The clinical practices of individual clinicians may influence patients' LOS through, 

for example, differences in the extent to which preoperative investigations are 

performed on an inpatient basis, and differences in the postoperative management of 

patients. In some cases clinical practice style is also constrained by the availability of 

facilities and services and the organisation of care at a hospital level (Griffiths et al., 

1979). 

The scope for variations in clinical style is greatest in relation to the use of 

innovative practices, including short stay and day case surgery. Day case surgery, a 

significant factor that influences the surgical LOS, is more frequently performed in 

the U.S. than in Australia and the U.K. This is partly due to problems in 

distinguishing between day case surgery and other ambulatory surgery. Eighty one 

percent of hospitals in the U.S. provided outpatient surgery, with outpatient surgical 
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procedures representing 28% of total surgical procedures in American hospitals 

(Riffer, 1986). An important development in the U.S. has been the growth of free 

standing surgical facilities (i.e., outside the environs of a fully equipped hospital). 

However, day case surgery in Australia has been mostly provided within the environs 

of a hospital (Butler, 1990). Evidence of variation between clinicians in similar 

institutions in their use of day case surgery was provided by Roos (1988) in a study 

of outpatient surgery among patients aged 20 years or over in the eight largest 

hospitals in Maiiitoba. She showed there were large differences in rates of outpatient 

surgery between hospitals, which held even after adjustment for patient 

characteristics and differences in Casemix. However, the range among surgeons was 

eveii greater. For example, in the hospital with the lowest rate of outpatient surgery, 

18% of surgeons performed 95% or more of dilatation and curettage procedures on 

an outpatient basis, whereas nine per cent of surgeons perfonned less than 25% on an 

outpatient basis. The only difference between caseloads identified was that a higher 

proportion of patients treated by surgeons favouring outpatient treatment were 

residents in the region. 

Clinical harriers limiting the adoption of short stay policies may arise if surgeons do 

not regard such forms of management as having any clinical advantages. For 

example, surgeons frequently question the desirability of day case surgery for 

intermediate procedures, despite the results of evaluative studies and the 

endorsement of these practices by professional bodies. Reluctance to adopt these 

practices may also reflect the considerable uncertainty experienced as to precisely 

how innovative practices should he implemented locally, as well as a feeling of 

unease with unfamiliar forms of patient management, including for example the use 

of local anaesthesia for inguinal hernia repair. Of greater importance in the diffusion 

of new teclrniques has been the information and confidence gained from contacts 

with local innovators and opinion leaders, as well as the opportunity provided by 

meeting specialty societies to converse with the experienced staff (Greer, 1988). 

Therefore, chamiging medical techno logy, the characteristics of health financing and 

health policy and facilities available at a hospital level have influence on clinical 
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practice. Variations between clinicians in their style of practice also make an 

independent contribution to the variation in the LOS of patients. 

In addition to these factors, the characteristics of patients themselves have, of course, 

importalil influence on LOS. 

2.3.4 Patient characteristics 

A number of studies (Seymour and Pringle, 1982; North East Thames Regional 

Health Authority, 1983; Coid and Crome, 1986; Epstein et al., 1988) have provided 

some evidence of the influence of patients' characteristics on their lengths of stay. 

For example, a census of patients occupying beds in acute hospitals in one region in 

England showed some tendency for length of stay to increase with declining 

socioeconomic groups after controlling for level of bed provision (North East 

Thames Regional Health Authority, 1983). Similarly, an analysis of length of stay 

within selected diagnostic related groups at a hospital in Boston, Massachusetts, 

showed the lengths of stay were significantly longer for patients of lower 

socioeconomic status after adjusting for age, sex, severity of illness and the doctors' 

specialty (Epstein et al., 1988). Old age, disability, poverty, race, and a lack of carers 

have also been identified as important factors associated with relatively long length 

of stay (Seymour and Pringle, 1982; Coid and Crome, 1986). For example, in the 

Northern Territory, Australia, Aborigines have 25-50% greater LOS per hospital 

admission than do non-Aborigines (Plant et al., 1995). Several factors have found to 

he associated with prolonged postoperative stay including the number of clinical 

problems, having a two-stage procedure, surgical complications and wound infection 

(Payne et al., 1987). In Table 2.1, the relatively stable ALOS for children in the U.S. 

over the past 25 years were due to the complications and co-morbid factors for 

children, and possibly ineffiecient use of beds (overuse of resources) (Soulen et al., 

1994; Ruttirnairn and Pollack, 1996). However, the influence  of the social and 

medical needs of the population on LOS often depends on local variations in health 

service provision, including the availability of alternative accommodation and the 

efficiency of discharge planning, as well as the extent to which clinicians take 
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account of patients' social circumstances in their discharge decisions such as whether 

they lack domestic support following discharge (Renwich, 1989). 

The poor health state of deprived populations and their less favourable housing 

conditions, and the aging of the population can be viewed as producing the need for 

longer lengths of stay. However, there is the question of the extent to which 

differences in the medical and social characteristics of populations are translated into 

a greater use of hospital inpatient care (Sander et al., 1989). 

Besides the above factors, the medical insurance status of patients has also had 

certain effects on the LOS of acute surgical patients. For example, a study in the U.S. 

found that the patients who lack insurance, generally have short hospital LOS and 

may receive unequal treatment even after being hospitalised (Hadley et al., 1991). 

Rising competitive pressures may place uninsured patients at risk of receiving fewer 

services than insured patients with similar medical conditions. Weissrnan and Epstein 

(1989) studied the Casemix, length of stay, and number of procedures for 65,032 

patients listed as self-pay or free care, Blue Cross, or Medicaid, at 52 hospitals in the 

Boston, Massachustts area during 1983. They found that the overall Casemix severity 

index (based on expected length of stay per DRG) for uninsured patients was 30% 

higher in public hospitals and 8% higher in major teaching hospitals, compared with 

other institutions. Across all hospitals, the severity of illness index of uninsured 

patients was similar to that of insured patients. However, after adjusting for DRG 

casemix, uninsured patients had, on average, 7% shorter stays (5.36 vs. 5.79 days) 

and underwent 7% fewer procedures (1.16 vs. 1.25) than Blue Cross patients, the 

differences varying with hospital type. Uninsured patients also had shorter stays on 

average than Medicaid patients (5.36 vs. 5.87 days), but they underwent a similar 

number of procedures. Therefore, the insurance status of patients needs to be 

included when exploring the factors influencing LOS. Also, it is important to control 

for other factors such as hospital type and co-morbidity when modelling LOS and its 

determinants. When analysing the differences among hospitals in view of LOS 

patterns, we need to understand the way the differences vary across hospital type to 

see whether these interhospital differences are due to the differences in the 

effectiveness, quality of care or patient variables. 



The relationships among the five factors above can he illustrated in Figure 2. 1. 

Figure 2.1 Model of factors influencing length of stay 

In this model, the four groups of factors are interactive. It is necessary to consider the 

relative importaice of each factor and the interactive effects when modelling the 

factors influencing LOS and taking measures to shorten it. 

2.4 LOS MODELLING ISSUES 

In an attempt to understand the factors influencing LOS and to take measures to 

shorten it, many qualitative and quantitative approaches have been adopted. For 

example, classical regression models are the most commonly used approach to link 

them, quantitatively. One of the basic assumptions in the classical regression model 

is the normality of the dependent variable. However, most researchers recognise that 

LOS data do not portray normality, and therefore, they have attempted logarithmic 

transformation of LOS (Lave and Frank, 1988; Silberhach et al., 1993; Wolfe et al., 

1995; Melfi et al., 1995) or other forms of traiisforrnations of LOS (Shachtman et al., 

1986) when they explored the relationship between LOS and its influencing factors 

through multiple linear regression models. Others have adopted logistic regression or 
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log-logistic regression models (Lazar et LII., 1995; Ruttirnann and Pollack, 1996). The 

major weakness of these methods is that even with a suitable transformation, there is 

no assurance that the residual distributions of LOS are normal. As for logistic and 

log-logistic regressions, the LOS variable has been transformed to a binary variable 

based on an arbitrary cut-off LOS value, resulting in loss of pertinent information on 

the duration of stay. 

Although LOS is recognised as the most critical determinant in Casemix funding 

(Griffin et al., 1993), the linkage between funding and the reduction of LOS has not 

been fully explored. One of the important aspects of Casemix funding is the 

determination of high and low trim points of LOS for distinguishing outliers from 

inliers. Therefore, trimming methods have a significant impact on the allocation of 

funds (Palmer and Aisbett, 1996). 

In order to reduce LOS in the public hospitals of the Northern Territory, there is a 

need to find out the major existing variables influencing LOS and their relative 

importance. In the next chapter, a qualitative evaluation of factors influencing LOS is 

carried out. 
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Chapter 3 A DELPHI EVALUATION OF THE FACTORS 
INFLUENCING LENGTH OF STAY 

3.1 INTRODUCTION 

Factors identified to influence LOS by practitioners involves health financing, health 

policy and clinical technology, as well as people dealing with patient care directly and 

indirectly. One of the principle reasons for the perceived tension between clinicians and 

administrators concerning shortening LOS in the public hospitals is the way in which 

health financing and health policy influence patient care. 

To find out the way in which health professionals actually deal with improvements in 

providing care under the changing financial and policy climate, the qualitative nature of 

the investigation has been explored by the use of the Delphi process. 

The Delphi method is a means of detenriining the extent to which a consensus exists 

amongst a group of people. This takes place in a series of 'rounds'. The first round 

involves obtaining opinions of selected experts about a particular issue. In subsequent 

rounds the same experts are asked to rate the extent of their agreement or disagreement 

with a series of statements describing the opinions expressed in the first round. 

Responses are analysed for the degree of consensus achieved. In the health field, uses of 

the Delphi method have covered a wide range of topics. The method has three particular 

features: anonymity, controlled feedback and statistical group response (Jones and 

Hunter, 1995). Anonymity is usually ensured by the investigator who requires the 

respondents not to directly interact with each other. The controlled feedback of 

information occurs in a series of rounds in which the questioimaires are returned to 

respondents showing the aggregate responses made in the previous rounds. This 

provides an opportunity for individuals to change their views if they so wish. Statistical 

group response ensures that each opinion is representative of the final responses. The 

advantages of the Delphi method are that it allows each member to hold a view while 

collecting data on the group as a whole. It avoids dominance, since equal weight is 
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accorded to each response. Finally, the results give an indication of the extent of 

agreement among the participants. 

Twenty seven representative hospital managers and medical officers in the Darwin area 

were interviewed to ascertain what they thought would be the most important factors 

that influence the length of inpatient stay in the hospitals. A wide range of suggestions 

was made and feedback reviewed. In all, 58 factors were determined in the 

investigation process. Of those, the six most hnportarit factors influencing LOS were 

identified through statistical analyses such as row/column effects loglinear model and 

rating scale analysis. 

3.2 METHODOLOGY 

3.2.1 Delphi process 

To assess respondents' opinions on the relative importance of influencing factors of 

LOS, a modification of the Delphi technique (Millmlland et al., 1973) was used. 

Sixteen specialist clinicians (clinical group) were recruited along with eleven 

hospital managers and health authority officers (management group) in order to 

include experts from a variety of hospital management and clinical practice settings. 

Based on the literature review, thirty five potential influencing factors of LOS were 

identified. These constituted the preliminary questiolmaire. The questioimaire was 

then sent to five management and clinical experts to seek suggestions for revision. 

Thirty nine factors (see Table 3.1, factors 1.1 - 4.5) were chosen for the first round. 

Respondents' opinions were surveyed in two rounds. 

In round 1, the respondents were interviewed and instructed to rank 39 potential 

influencing factors of LOS from a hospital-wide perspective. They were required to 

mark the cell in the questiolmaires that corresponded most closely to their view about 

whether changing that factor would prolong or shorten the LOS. Respondents were 

encouraged to provide additional comments and suggestions or add new factors. A 5-

point Likert scale ranging from "1 = not important" to "5 = extremely important" 
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was used in order for respondents to rank the relative hnportance of each factor. See 

Appendix 3.1 for the details of the expert counselling fonu 

During round 2, participants were provided with feedback from the first round by 

mail. Each participant received a summary of the group's consensus means, medians, 

ranges and distribution graphs for all factors. In addition, two new sections were 

provided to participants: (1) 19 other factors that were suggested by the respondents 

from the first round (see Table 3.1, factors 5.1 - 5.19); and (2) a confidence rating 

which also had a 5- pomt Likert scale from "1 = very low confidence" to "5 = very 

high confidence", reflecting the level of confidence the respondents had in their 

ranking. The mean of this confidence rating is known as the group confidence rating 

(GCR). A mean above 3 indicates that the Delphi answer lies reasonably close to the 

'true' answer, below 3 implies an unsatisfactory answer (Pill, 1971). Based upon the 

information provided, respondents again marked the cell in the questionnaires for the 

second round that corresponded most closely to their view about whether changing 

that factor would prolong or shorten the LOS. 

3.2.2 Statistical analysis 

The differences in ratings between the first and second round were analysed by using 

loglinear analysis. If there is a significant difference between the two rounds, a third 

round is needed. Otherwise, two rounds are sufficient to make conclusions about 

respondents' opinions. The same analysis was undertaken to test the differences of 

ratings between the clinical and management groups for addressing the issues 

concerning the perception held by these two groups in shortening LOS. A 

row/column effects loglinear model was fitted using SPSS loglinear procedure 

(Norusis et cii., 1990, see Appendix 3.2 for a brief description of row/column effects 

loglinear model). This model is specifically suitable for the analysis of ordinal 

categorical data, whereas standard t tests or chi-square tests are unable to take the 

ordinal characteristics of data into account. The coefficient B (refer Table 3.1) 

reflects the degree of convergence of respondents' ratings in the reference round or 

reference group. The further B falls in the positive direction, the greater the tendency 

for the respondents in the reference round or reference group to locate their ratings at 

the end of "extreme importance", and the greater the tendency for the respondents in 
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the other round or group to locate their ratings at the end of "not importance", and 

vice versa. The closer the absolute value of B to zero, the less significant the 

differences of ratings between the two rounds or groups. A special Z test was then 

applied to test the statistical significance of B by measuring the differeices in ratings 

between the two rounds or groups (Agresti, 1990). The reference round can be round 

one or round two. The reference group can be clinical or management group. 

Conclusions on the effects of the factors would be the same regardless of reference 

group. 

Since standard t tests or chi-square tests are not directly applicable to assess the 

relative strength of influence of individual factors, rating scale analyses were 

performed to classify such factors and further rank them according to their relative 

importance by using the Andrich rating scale model (Andrich, 1978). The PROX 

estimation procedure was used. This procedure has been described further by Wright 

and Master (1982), in which variable calibrations and respondeit ratings are 

expressed on a common linear scale and are free of the location and dispersion of the 

calibrating sample and the dispersion of the measuring test (see Appendix 3.3 for a 

brief description of the PROX procedure). 

The final calibration, d, reflects the relative influencing strength of each factor. The 

larger the value of d, the more influence the factor poses on LOS. Calibration error 

(CE) indicates the dispersion of d. Finally, all the influencing factors were grouped 

into three categories based on this transformed logit scale. Those factors with their d 

values exceeding average calibration (i.e., zero) plus one standard deviation of d are 

classified as important influencing factors, those with their d values less than average 

calibration minus one standard deviation are classified as unimportant factors, and 

those between these two limits are judged significant. 

3.3 RESULTS 

Column 1 of Table 3.1 lists the possible factors influencing LOS. Column 2 lists the 

coefficient B of row/column effects loglinear models and significant test results of B 

for comparisons of the respondents' ratings between the 1st and 2nd round. Column 
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3 gives coefficient B and significant test results for the comparison between clinical 

and mallagelnent group in the 2nd Delphi round. The reference round of the two 

round Delphi study was set to be the 1St round and the reference group to be the 

clinical group. Reference round Based on the Z test, the results showed no significant 

differences between the ratings of two rounds. However, it is found that there were 

significant differences between the ratings of the clinical group and management 

group for 4 factors. For three factors (availability of beds, availability of operating 

theatre and frequency of ward round), clinical respondents ranked them less 

important than their management counterparts did. The reverse holds for the factor 

"Shortage of surgical staff". 

Table 3.1 Coefficient B from row/column effects loglinear analysis, and significant test 
results 

Factors B (1st round) B (Clinical group) 

Patient factors 

1.1 Number of complications 0.006 -0.162 
1.2 Severity of illness -0.214 -0.013 
1.3 Family support -0.026 -0.073 
1.4 Age of the patient -0.028 0.197 
1.5 Gender of the patient -0. 141 0.196 
1.6 Aboriginality -0.151 0.187 
1.7 Employment status of the patient -0. 106 -0.114 
1.8 Patient involvement 0.037 -0.239 
1.9 Distance from hospital -0.042 0.202 

Health service provision 

2.1 Availability of beds -0.098 -0.445 * 

2.2 Availability of operating theatre -0.046 -0.488 * 

2.3 Availability of nursing homes 0.004 -0.186 
2.4 Availability of local hospital 0.008 0.204 
2.5 Availability of hostels 0.043 0.208 
2.6 Availability of self-care facilities -0.201 0.104 
2.7 Shortage of surgical staff -0.102 0.512 * 

2.8 Shortage of anaesthesia staff -0.067 -0.0 17 
2.9 Shortage of medical staff -0.103 -0.305 
2.10 Shortage of nursing staff -0.078 0.332 
2.11 Community service cooperation 0.115 0.299 
2.12 GP inclusion in discharge plan -0.023 -0.247 
2.13 Quality of GP care 0.038 -0.105 

()rganisation of care 

3.1 Day of admission 0.063 -0.227 
3.2 Timing of admission 0.040 -0.070 
3.3 Friday and Saturday admission -0.086 0.000 
3.4 Admission after3PM -0.015 -0.166 
3.5 Organisation of discharge 0.062 -0.239 
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Table 3. 1 (continued). 

Factors B (1st round) B (Clinical group) 

3.6 Consultant's ward round 0.104 -0.329 
3.7 Frequency of ward round 0.109 -1.839 * 

3.8 Turnaround time for lab 0.029 -0.130 
3.9 Turnaround time for X ray 0.056 -0.309 
3.10 Scheduling of theatre -0.074 -0.083 
3.11 Management of theatre 0.045 -0.072 
3.12 Quality of nursing -0.0 16 -0.094 

4.Clinical practice style 

4.1 Clarityofdiagnosis 0.063 0.000 
4.2 Efficacy of treatment 0.132 0.209 
4.3 Timing of treatment or procedure -0.053 -0.3 88 
4.4 Preoperative investigation in outpatients 0.091 -0.035 
4.5 Use of day case surgery -0.177 -0.225 

5. Additional factors 

5.1 Lack of high dependency unit in lCU - 0.130 
5.2 Insufficient equipment - -0.103 
5.3 Inadequate maintenance of equipment - 0.000 
5.4 Availability of community based 

alternative service - -0.295 
5.5 Availability of transport - -0.025 
5.6 Family involvement in decision making - -0.250 
5.7 Lack of close senior supervision - -0.122 
5.8 Completeness of admission /discharge policies - 0.319 
5.9 Use of national standards of clinical practice - -0.330 
5.10 Number of comorbidities - -0.423 
5. 11 Unplanned admission - 0.035 
5.12 Efficacy of outpatient appointment - 0.119 
5.13 Need for surgical review - -0.099 
5.14 Medical accountability - 0.294 
5.15 Quality of professional training 

and recruitment - -0.274 
5.16 Legibility and accuracy of doctors' 

requests/discharge summaries - 0.408 
5.17 MO/ specialists' visits to community 

/ small hospital - -0.034 
5.18 Availability of interpreters - 0.037 
5.19 Appropriate use of antibiotics - -0.236 

* J'<O.OS (Z test) 

The rankings provided by the clinical and management cohorts were different to 

some extent, supporting the view that clinicians and administrators perceive factors 

influencing the shortening of LOS differently. However, these differences are only 

marginal, only 4 out of 39 being significant. There is a need for aggregating the 

responses of all the personnel involved in health care in order to examine the relative 

importance of each factor. This is justified on two grounds. First, although the 

27 



sample represents a large proportion of the study population (90%), it remains small 

in absolute numbers. To split these into separate groups would reduce the power of 

our analysis. Secondly, this study is an attempt to bring together the clinicaliservice 

delivery issues and the management/policy considerations of hospital length of stay. 

The philosophy of the study is to seek to identify those aspects of patient care which 

are important to policy development. For this reason, the pooling of the clinical and 

non-clinical views is justified. The Delphi study (and importantly, the second round 

of study where the views collected in the first round were fed back to participants 

and they were invited to revise their earlier assessment) made no distinction between 

clinical and non-clinical opinions. Expert opinion in the area of health service 

delivery was the sole criterion used to select participants. The range of views 

expressed by the clinical and non-clinical respondents to the Delphi study is no more 

diverse than the range between clinicians from differing specialties. Thus, the 

aggregation undertaken was justified. 

Table 3.2 suiiimarises the participants' combined responses on the influencing 

factors of LOS for the second round. The column 'Mean" gives the average rating of 

each factor, and its standard deviation is reported in the column "SD". All factors are 

ranked according to the final calibration measure, d, in descending order of relative 

unportance. The average calibration (mean of (I) is equal to zero, with a standard 

deviation to 0.6. Six factors are identified as important factors which pose very 

significant influences on LOS. For each of these, d exceeds 0.6, i.e., average 

calibration (0) plus one standard deviation (0.6) of overall calibration. Four factors 

are recognised as unimportant factors with their d less than -0.6, i.e., average 

calibration minus one standard deviation. Two of these are additional factors not 

present in the first round. The remaining factors are classed as statistically significant 

determinants of LOS. Except the "Lack of high dependent unit in ICU' (which is not 

important), all other group confidence rating (GCR) meaiis are greater than 3, 

demonstrating a high degree of consensus among the panel members. 

28 



Table 3. 2 Summary statistics for the second round responses on the influencing factors of 
LOS 

Factors Mean SD d* CE** GCR*** 

important factors 
Severity of illness 4.720 0.542 2.265 0.363 4.560 
Number of complications 4.440 0.768 1.666 0.290 4.520 
Number of comorbidities 4.080 0.702 0.961 0.235 4.400 
Efficacy of treatment 3.875 0.612 0.711 0.220 4.000 
Use of day case surgery 3.917 0.717 0.664 0.222 3.960 
Availability of nursing homes 3.833 1.007 0.619 0.218 4.292 

Significant Factors 

Aboriginality 3.640 0.860 0.529 0.210 4.240 
Clarity of diagnosis 3.667 0.816 0.442 0.212 3.880 
Quality of nursing 3.696 0.703 0.399 0.215 3.875 
Organisation of discharge 3.560 1.044 0.357 0.209 4.000 
Unplanned admission 3.636 1.002 0.315 0.208 3.750 
Preoperative investigation 

in the outpatients 3.542 0.833 0.274 0.207 3.708 
Timing of treatment or procedure 3.522 0.994 0.274 0.207 3.760 
Quality of professional 

training and recruitment 3.417 0.929 0.233 0.206 4.000 
Scheduling of theatre 3.455 0.912 0.193 0.205 3.500 
Availability of interpreters 3.375 0.970 0.113 0.204 3.792 
Medical accountability 3.350 1.182 0.113 0.204 3.682 
Completeness of admission 

/dischargepolicies 3.381 0.921 0.073 0.203 3.375 
Community service cooperation 3.364 0.790 0.073 0.203 4.000 
Efficacy of outpatient appointment 3.348 0.775 0.073 0.203 3.652 
Appropriate use of antibiotics 3.348 0.982 0.073 0.203 3.696 
Management of theatre 3.333 1.017 0.073 0.203 3.435 
Shortage of surgical staff 3.333 0.913 0.034 0.203 3.409 
MO/ specialists visits to 

community! small Hospital 3.292 0.999 0.034 0.203 3.625 
Availability of operating theatre 3.318 0.945 -0.006 0.202 3.739 
Availability of self-care facilities 3.292 0.624 -0.006 0.202 3.792 
Availability of community based 

alternative service 3.250 0.847 -0.006 0.202 3.708 
Availability of beds 3.250 0.847 -0.045 0.202 3.750 
Availability of hostels 3.250 0.794 -0.045 0.202 4.000 
Consultants ward round 3.240 0.970 -0.045 0.202 3.920 
Distance from hospital 3.160 0.800 -0.045 0.202 3.760 
Shortage of nursing staff 3.238 0.831 -0.084 0.201 3.762 
Shortage of anaesthesia staff 3.211 1.134 -0.084 0.201 3.500 
Frequency of ward round 3.208 0.884 -0.084 0.201 3.750 
Friday and Saturday admission 3.174 0.887 -0.084 0.201 3.708 
Family support 3.120 0.927 -0.122 0.201 3.880 
Needs for surgical review 3.105 1.197 -0.161 0.201 3.304 
Turnaroundtime for lab 3.083 0.881 -0.161 0.201 3.560 
Turnaroundtime for Xray 3.083 0.881 -0.161 0.20t 3.600 
GP inclusion in discharge plan 3.048 1.071 -0.161 0.201 3.591 
Quality of GP care 3.048 1.071 -0.161 0.201 3.545 
Legibility and accuracy of doctors 

requests!discharge summaries 3.045 1.046 -0.200 0.201 3.625 
Lack of close senior supervision 3.040 0.935 -0.200 0.201 3.640 
Age of the patient 3.000 0.798 -0.200 0.201 3.955 
Shortage of medical staff 3.150 0.854 -0.238 0.201 3.460 
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Table 3.2 (continued) 

Factors Mean Si) d* CE** GCR*** 

Dayof admission 3.042 1.042 -0.238 0.201 3.600 
Availability of transport 3.000 0.659 -0.238 0.201 3.750 
Use of national standards of 

clinical practice 2.952 1.161 -0.277 0.201 3.500 
Family involvement in decision 

making 2.957 0.928 -0.277 0.201 3.480 
Patient involvement 2.920 0.954 -0.393 0.201 3.625 
Tirningofadmission 2.833 1.007 -0.432 0.202 3.560 
Availability of local hospital 2.682 0.780 -0.550 0.203 3.500 
Inadequate maintenance of 

equipment 2.680 1.108 -0.550 0.203 3.400 
Admission after 3 PM 2.652 0.885 -0.590 0.204 3.625 

Not Important factors 
Lack of high dependency unit 

in ICU 2.500 0.761 -0.630 0.204 2.875 
Insufficient equipment 1.600 0.957 -0.630 0.204 3.600 
Employment status of the patient 2.083 0.830 -1.236 0.224 3.583 
Gender of the patient 1.480 0.770 -2.226 0.299 3.917 

* d -final calibration, ** CE-Calibration Error, GCR-Means for Group Confidence Rating 

3.4 DISCUSSION 

There are a variety of factors that influence the lengths of inpatient stays. For 

example, the diagnosis of an illness remains the dominant perceived cause of 

variation in LOS. However, the relative importance of other factors causing variation 

of LOS is not well known. In this study, the Delphi evaluation has been undertaken 

to fill this gap. Six important, 48 significant, and four unimportant factors affecting 

variation of LOS were found, viewed from a hospital level perspective and based on 

the Delphi evaluation. 

3.4.1 Patient factors 

Severity of illness, the numbers of complications and comorbidities were found to be 

the most important factors. Horn et at. (1983 and 1984) considered number of 

complications to he one of the important components of a severity of illness index 

developed in their studies. The term "comorhid' implies the presence of more than 

one disease or pathological condition. Although comorbid patients are not 

necessarily more severely ill or more costly to manage than patients with a single 
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disease or diagnosis, more comorhidities may be associated with a higher probability 

of a longer inpatient stay (Young, 1984). 

Aboriginality is identified as one of the significant determinants of LOS in the study. 

Sanders et al. (1989) showed that the poor health state of deprived populations and 

their less favourable housing conditions are positively related to longer lengths of stay. 

However, the question of the extent to which differences in the medical and social 

characteristics of populations are translated into a greater use of hospital inpatient care 

remains unanswered. A number of studies have provided some evidence of the 

influence of patients' characteristics on their lengths of inpatient stay. For example, a 

census of patients occupying beds in acute hospitals in one region in England showed 

length of stay increased with declining socioeconomic status after controlling for level 

of bed provision (North East Thames Regional Health Authority, 1983). Similarly, an 

analysis of length of stay within selected diagnostic related groups at a hospital in 

Boston, Massachusetts, showed that lengths of stay were significantly longer for 

patients of lower socioeconomic status after adjusting for age, sex, severity of illness 

and the doctors' specialty (Epstein et al., 1988). 

Some respondents in this study suggested that longer stays of Aboriginal patients were 

due to the significant distance between the hospital and the home community, lack of 

family support and the lack of interpreters within the hospital. This lack of interpreters 

during the period of inpatient care meant that clinicians had difficulty in understanding 

and communicating effectively with Aboriginal patients, which in turn led to delay in 

diagnosis and initiation of therapy for these patients. 

In this study, the age of the patient has been found to be one of the significant 

determinants of LOS while the employment status and gender of the patient were not 

important. Similar results can be found in Seymour and Pringle (1982), Coid and 

Crome (1986) and Australian Institute of Health and Welfare (1997). 

3.4.2 Health provision 

The study found that availability of nursing home beds is an important determinant 

of LOS. Community service cooperation, the availability of self-care facilities, and a 
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shortage of surgical and nursing staff are other perceived significant factors 

influencing LOS 

As Eastaugh (1980) suggested, the possibility of increasing efficiency and achieving a 

greater throughput of patients in ho spitals also depends on levels of finance, and the 

supply of other resources necessary to cater for the more intensive use of hospital beds. 

Staffing levels, the availability of operating theatre sessions, and other facilities beyond 

the hospital are included in these considerations. Length of stay in an acute hospital is 

influenced not only by the provision of services at a hospital level but also by the 

availability of alternative facilities, such as convalescent and nursing homes which can 

provide continuing care at a lower intensity post discharge. The findings of this study 

also support perceptions that the quality of general practitioner care in the locality to 

which the patient is discharged also influences how long patients remain in hospital 

(Morgan, 1988). 

3.4.3 Organisation of care 

Organisation of discharge and unplanned admission were both found to be significant 

perceived determinants of LOS. Scheduling of operating room procedures, 

completeness of admission/discharge documentation, efficacy of outpatient 

appointment booking systems, timing of consultants' ward rounds, the frequency of 

ward round (possibly leading to shorter stays), and Friday and Saturday admissions 

(possibly lengthening hospital stay) were also perceived as having some effects on 

LOS. 

This view is supported by Griffith (1979) who argued that the length of postoperative 

stay is dependent on the organisatioll of discharge; if discharge decisions are made at 

the consultant's ward round, then the frequency of those ward rounds can influence 

LOS. 

Moreover, it has been shown in this study that availability of nursing homes, self-care 

facilities and hostels are important and significant factors in determining LOS. Cabl and 

Mayers (1983) and Anderson et at. (1988) also showed that delays to discharge may 
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also be caused by lack of early discharge planning, and because of difficulties in 

arranging post discharge accommodation or services. 

Other factors found to be important and significant in this study include quality of 

nursing, the tunrnround time for laboratories and X-ray departments, the scheduling 

and management of theatres. Some support evidence can be found in the literature 

(Ferrow et cii., 1989; Robbins and Donaldson, 1984; Vandenhergh et al., 1995). 

3.4.4 Clinical practice style 

Efficacy of treatment, use of day case surgery, and (to a lesser extent) timing of 

treatments or procedures were also found to be important factors influencing LOS. 

Many researches (Roos, 1988; Donaldson and Pugh, 1989) emphasise the importance 

of the use of day stay surgery in shortening LOS. The respoimdents in our study also 

suggested that other factors, such as availability of beds and staff, may influence the 

use of day stay surgery. Wennberg et cii. (1987) commented on the effects of clarity 

of diagnosis and preoperative investigation in the outpatient setting in reducing LOS. 

Many respondents in this study emphasised the importance of medical officers and 

specialists' visits to commullity and small hospitals in managing LOS. Lack of close 

senior supervision is also found to be significant in prolonging LOS. Their visits and 

supervision will help in spreading the latest developments of technology and skills in 

their areas to the less experienced staff, and in monitoring the quality of care in order 

for them to manage LOS effectively. As Greer (1988) pointed out, of greater 

importance in the diffusion of new techniques was the information and confidence 

gained fi-om contacts with local innovators and opinion leaders, as well as the 

opportunity provided by meetings of specialty societies providing opportunities to 

converse with experienced staff. 

33 



3.5 CONCLUSIONS 

Although this study was conducted in a non-metropolitan district among a limited 

number of participants, it has wide implications for clinicians and hospital managers. 

Clinicians can derive benefits from such a study as it provides a better understanding 

of the perceived factors influencing LOS, which in turn will allow them to modify 

their clinical practice. For hospital managers and those developing health care policy, 

studies such as this provide insight into the factors likely to influence LOS and the 

data needed to track changes in those factors. This knowledge should lead to more 

rational organisation of data collection processes and be of benefit in identifying 

avenues for better monitoring of those factors influencing LOS. 
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Appendix 3.1 Expert counselling form for round one 

Factors Influencing Length of Stay 

Expert Counsellin' Form 

(ROUND ONE) 
Dear Sir! Madam. 

I would be grateful for your assistance on the research I am undertaking into factors which influence the length of stay in the hospitals of the Northern 
Territory. As an expert in the clinical / management field, your opinion is crucial in the decision-making of the hospitals. The following survey seeks to reveal 
the important influencing factors of LENGTH OF STAY from a hospital wide perspective by using the expert counselling method. In the following form, 
please mark ("X") the cell which expresses most closely your view on the effects of that factor on LENGTH OF STAY, i.e., if changing that factor would 
prolong or shorten the LENGTH OF STAY. 

This EXPERT COUNSELLING will be in two rounds. After I receive and review your answers to these questions, I will forward to you the consensus and 
range of opinions of the expert panel, and ask you if you wish to revise your views in light of the new information. Your comments will be made available 
anonymously to all other experts. Please make additional comments or add new factors you think important. 

Alter you complete this form, please forward it to Mr Alex J. Xiao, Casemix Dept., 1st Floor, Main Building, Royal Darwin Hospital, in the enclosed 
envelope. 

If you have any inquires, please do not hesitate to contact me on 466814 (voice mail). 

Thank you for your help. 

Sincerely yours, 

Alex J. Xiao 
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1. Patient Factors 

Factors Not Less Very Extreme COMMENTS 
Important Important Important Important Important  

1.1 Number of 
Complications  

1.2 Severity of 
Illness  

l.3Farnily 
Support  

1.4 Age 

1.5 Sex 

1.6 
Aboriginality  

1.7 
Employment 
Status  

1.8 Patient 
Involvement  

1.9 Distance 
from Hospital  
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2. Health Service Provision 

Factors Not Less Very Extreme COMMENTS 
Important Important Important Important Important  

2.1 Availability 
of Beds  

2.2 Availability 
of Operating 
Theatre  
2.3 Availability 
of Nursing 
Homes  

2.4 Availability 
of Local Hospital  

2.5 Availability 
of Hostels  
2.6 Availability 
of Self-care 
Facilities  
2.7 Shortage of 
Surgical Staff  

2.8 Shortage of 
Anaesthesia Staff  
2.9 Shortage of 
Medical Staff  
2.10 Shortage of 
Nursing Staff  

2.11 Community 
Service Cooperation  

2.12 GP Inclusion 
in Discharge Plan  

2.13 Quality of 
GP Care  
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3. Organisation of Care 

Factors Not Less Very Extreme COMMENTS 
Important Important Important Important Important  

3.1 Day of 
Admission  

3.2 Timing of 
Admission  

3.3 Friday and 
Saturday Admission  

3.4 Admission 
after 3 PM  

3.5 Organisation 
of Discharge  
3.6 Consultant's 
Ward Round  

3.7 Frequency of 
Ward Round  

3.8 Turnaround 
Time for Lab  

3.9 Turnaround 
Time for X Ray  

3.10 Scheduling 
of Theatre  
3. liManagement 
of Theatre  
3.12 Quality of 
Nursing  



4.Clinical Practice Style 

Factors Not Less Very Extreme COMMENTS 
Important Important Important Important Important  

4.1 Clarity of 
Diagnosis  
4.2 Efficacy of 
Treatment  
4.3 Timing of 
Treatment or 
Procedure  
4.4 Preoperative 
Investigation in 
the Outpatients  
4.5 Use of Day 
Case Surgery I 
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5. Other Factors 
(Please add other factors you consider important) 

Factors Not 
Jmportant 

Less 
Important Important 

Very 
Important 

Extreme 
Important  

COMMENTS 
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Appendix 3.2 Row/column effects loglinear model 

In many situations of health services research, the categorical variables used in 

loglinear models are ordinal in nature. For example, some factors are rated from 

unimportant to very important, as does severity of illness of a disease. The additional 

information contained in the ordering of the categories can be incorporated into 

loglinear models, which may result in a more parsimonious representation of the 

data (Agresti, 1984). The common model for ordinal data in the case of two 

variables is 

ln(Fjj)=u+A+A Y. +B(U 1 — U)(V1 — V) 

where Fjj are the expected frequencies in each cell, and the scores U1  and V3  are 

assigned to rows and columns. In this model, u and the two A parameters are the 

usual loglinear tenns for the overall mean and the main effects of the two variables. 

What differs is the inclusion of the tenn involving B. The coefficient B is essentially 

a regression coefficient that, for a particular cell, is multiplied by the scores assigned 

to that cell for the two variables. If the two variables are independent, the coefficient 

should be close to 0. If the coefficient is positive, more cases are expected to fall in 

cells with large scores or small scores for both variables than would be expected if 

the two variables were independent. If the coefficient is negative, an excess of cases 

is expected in cells that have small values for one variable and large values for the 

other. 

In a row-effects model, only the ordinal nature of the column variable is used. For 

each row, a separate slope based on the values of the column variable is estimated. 

The magnitude and sign of the coefficient indicate whether cases are more or less 

likely to fall in a colunm with a high or low score, as compared to the independence 

model. In a column-effects model, only the ordinal nature of the row variable is used. 

For example, in this study, for the influencing factor "severity of illness", 

respondents gave the following rankings in the two rounds (Table A3. 1). 
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Table A3.1 Ranking results for the factor "severity of illness" in the two rounds 

Ranking Round 1 Round 2 Row total 

3 (important) 0 1 1 

4 (very important) 14 7 21 

5 (extremely important) 13 19 32 

Colunm total 27 27 54 

B = -0.2 14, u = -0.02595, Z = -0.16106 

The ranking is an ordinal, row variable, from "1 = not important" to "5 = extremely 

important". The round is a categorical, column but not an ordinal variable. If the 

difference in ranking between the 2 rounds is compared using loglinear model, a 

row-effects model can be applied. 

Appendix 3.3 PROX estimation procedure 

There are several procedures available for estimating the relative importance of a 

factor. The PROX procedure is the simplest one. The advantages of the PROX 

procedure are that it can be done on a hand calculator and that it can be used to 

illustrate most of the principles underlying Rasch calibration and measurement. The 

basic stages of the procedures are 

• frees ratings from constraints of sample size due to missing values, 

• linearises them by transforming them to a logit metric, 

• centers these linear rating logits to remove the effects of sample level, and then 

• spreads them to remove the effects of test width and sample dispersion. 
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Chapter 4 HOLISTIC APPROACH TO MODEL LENGTH OF 
STAY 

4.1 INTRODUCTION 

In Chapter 3, an understanding of the perceived relative hnportance of factors 

influencing LOS was explored by using a quantitative Delphi evaulation. There is also 

a need for setting up quantitative models that link LOS with its influencing factors 

because of the need to identify interactive variables for reducing LOS. The classical 

regression model is the most common model used to link them quantitatively 

(Silberhach et al., 1993; Wolfe et al., 1995; Mclii et al., 1995; Shachtman et al., 

1986; Lave et al., 1988). One of the basic assumptions in the classical regression 

model is the normality of the dependent variable. However, most researchers 

recognised that LOS data do not portray normality, and therefore, they have 

attempted logarithmic transformation of LOS (Silberbach et al., 1993; Wolfe et al., 

1995; Melfi et al., 1995; Lave et al., 1988) or other forms of transformations of LOS 

(Shachtman et al., 1986). They explored the relationship between LOS and its 

influencing factors through multiple linear regression models. Others have adopted 

logistic regression or log-logistic regression models (Lazar et al., 1995; Ruttimaim 

and Pollack, 1996). The major weakness of these methods is that even with a suitable 

transformation, there is no assurance that the residual distrihutiois of LOS are 

normal. As for logistic and log-logistic regressions, the LOS variable has been 

transformed to a binary variable based on an arbitrary cut-off LOS value, resulting in 

loss of pertinent information on the duration of stay. 

In order to shorten LOS and promote efficiency in the hospitals, output based 

payment systems including Casemix funding have been implemented in many 

industrialised countries (Coulain and Gaumer, 1991; Stoelwinder, 1994; Mountney 

and Nonis, 1995; Brizioli et al., 1996). One of the iinportimt aspects of Casernix 

funding is the determination of high and low trim points of LOS for distinguishing 

outliers from inliers. Therefore, trimming methods have a significant impact on the 
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allocation of hinds (Palmer and Aisbett, 1996). Although LOS is recognised as the 

most critical determinant in Casemix funding (Griffin et al., 1993), the linkage 

between funding and reduction of LOS has not been fully explored. 

In this chapter, a holistic approach is proposed to (1) overcome the weaknesses of 

modelling methods above; (2) set up appropriate models to link LOS with its 

influencing factors; and (3) link reduction of LOS to Casemix funding. Firstly, the 

underlying distribution of LOS should be determined. Secondly, based on the 

determined distribution, a discordancy test trimming method can be applied to 

determine the trim points. This procedure will assist in distinguishing the inliers from 

the outliers. Thirdly, since normality of the distribution may not be attained simply by 

transforming LOS, appropriate regression models such as a gamma regression model 

is required to reflect the relationship between LOS and its influencing factors. This 

would provide insights into the different effects of influencing factors between inliers 

and outliers. It will also help prescribe appropriate policy measures to reduce LOS. 

The holistic approach is useful in simultaneously identifying the appropriate 

underlying influencing factors of LOS and determining trim points for funding 

purposes. 

4.2 METHODOLOGY 

4.2.1 Identification of LOS distribution 

Many researchers (eg, Shachtmaii et al., 1986; Silberbach et al., 1993; Wolfe et al., 

1995) have found that LOS data generally possess relative frequency distributions that 

are positively skewed. An appropriate statistical distribution for positively skewed 

data is the gamma family probability distribution (see, for example, Mendenhall, 1988, 

p. 67). There is also evidence from Baniett and Lewis (1994, p.  92) to support the 

use of the gamma family of distributions with origin at zero, where heterogeneity of 

the DRGs are accounted for by varying the indexing parameter. The equation for this 

probability density function j(x) contains two parameters, namely, shape parameter ct 

and location scale parameter P , 
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xlll 
• x 'e J(X ) = c413>O, 0 <x oo I3(xF(a)  

whereF(a) = j)x_1e_xdx is the gamma function. 

It becomes the standard exponential distribution when a.= 1. The gamma distribution 

approaches a normal distribution as a— 

There are at least three methods available to estimate a. and P , including the method 

of moments (see, for example, Larsen and Marx, 1986, pp. 269-271), Greenwood-

Durand approximate method (see, for example, Bain, 1983, pp.  292-298) and 

maximum-likelihood approximate method (McCullagh and Nelder, 1989, p.  290). 

The estimates from Greenwood-Durand approximate method will be adopted in this 

study because of its simplicity in calculation and approximate  characteristics to the 

full maximum likelihood (see Appendix 4.1). 

Komogorov-Smimov (K-S) goodness-of-fit test will he used to assess the goodness 

of fit of the sample LOS data to the empirical ganna distribution function as well as 

to the normal distribution. The K-S statistic is computed from the largest difference 

(in absolute value) between the observed and empirical distribution functions (see 

Sachs, 1984, pp.  330-332; Norusis et (ii., 1990). 

In the Section 4.3.2. 1, the distributional characteristics and goodness-of-fit to the 

empirical normal distribution of the LOS data under (1) logarithmic LOS 

transfonnation (LLOS), (2) LOS/(LOS+6) transformation (TLOS, Shachtmnan et al., 

1986) and (3) square root of LOS transformation (SLOS) together with original LOS 

(LOS) are presented. The goodness-of-fit to the empirical gamma distribution of the 

same sample LOS data are tlieii presented. 
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4.2.2 Trimming methods 

4.2.2.1 Review of trimming methods 

The appropriateness of various trimming methods for Casemix funding purposes is a 

controversial issue in the literature (Bender and McGuire, 1995a and 1995b; Eagar 

and Hindle, 1995; Palmer and Aisbett, 1996). Health authorities and agencies have 

adopted or modified such methods to distinguish outliers from inliers to suit their own 

needs. Although there are literally hundreds of measures currently in vogue, most of 

these are variations of the following methods (see Table 4. 1). Palmer and Aisbett 

(1996) further classified these methods into two groups, namely, statistical and risk-

based approaches. 

Table 4.1 Main trimming methods and their characteristics 

Group Method Definition* Reference 

Statistical 2SD ALOS/3 Bender & McGuire 

ALOS+251) (1995a) 

IQR Ql+1.5(Q1-Q3) ACDHFS 

Q3+1.5(Q3-Ql) (1995) 

Characteristics 

paralrietric; sensitive 

to extreme values 

non-parametric measure; 

not distorted by extreme values 

Risk-based L3U3 ALOS/3 Bender & McGuire semi-parametric; sensitive 

3 ALOS (1995h) to extreme values 

L5H5 ALOS/5 Eagar & Hindle semi-parametric; sensitive 

ALOS +5 (1995) to extreme values 

pPS GLOS+minimurn 

geometric (28,3SD)**  

IJS DHHS semi-parametric; 

(1989) transfoimecl 

ALOS - average length of stay; SI) - standard deviation; Q3 - the third quartile; Qi- the lirst quartile; PPS - 

prospective payment system; GLOS - geometric mean of LOS; AC DI-[FS - Australian Commonwealth 

Department of Health and Family Services; US DHJIIS - United States Department of Health and Human 

Services; * Low trim point followed by high trim point; ** For PPS method, only high trim point is defined. 

It is apparent that the 2SD method, being used by the South Australian Health 
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Commission, is not appealing because the distributions of LOS are typically skewed, 

and the trim points so determined will be sensitive to extreme values. This method is 

particularly unsuitable for those low volume DRGs, where the distributions of LOS 

are typically skewed. 

The IQR method has been adopted by the Commonwealth Department of Health and 

Family Services (1997) and the state of New South Wales. The IQR trim points, 

although not distorted by extreme values, are nonparametric statistics which do not 

take into account the distributional characteristics of LOS. Therefore, this method 

lacks the necessary statistical rigour to discriminate outliers from inliers. 

The L3H3 and L5H5 methods are referred to as risk-based approaches by Palmer and 

Aisbett (1996). The L3H3 method, currently implemented in the Australian Capital 

Territory, Northern Territory, and the states of Victoria, Tasmania and Queensland, 

attempts to balance the risk to providers of cases with high LOS and the risk of 

funders of overpaying for low LOS cases, but the theoretical basis for this is weak 

(Palmer and Aishett, 1996), The L5H5 method uses a constant distance (5 days) 

above the mean to define the high trim point which is determined arbitrarily. These 

two methods usually identify too many outliers, which are inconsistent with the 

accepted notion of outliers as very unusual cases (Fetter, 1984). Furthermore, they 

are not statistically robust since the average LOS used can be unduly influenced by 

extreme values. 

The PPS method, based on a geometric transformation of LOS, identifies much fewer 

outliers. However, even after the transfonnation, the normality of the distribution may 

not be attained. Another drawback of the PPS method is it ignores the existence of 

lower outliers. 

Meanwhile, unlimited outlier payments could seriously erode the incentives inherent in 

case paymelit. In the US Medicare's Prospective Payment System, for example, a 

ceiling on outliers is set aside for outlier payments (U.S. Department of Health and 

Human Services, 1989). So far as these measures depend on the average LOS, they 

will be unduly influenced by extreme values and hence will not be statistically robust. 
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Athough there are other trimming methods currently in vogue, most of them are 

variations of the same theme. In general, all the above methods disregard the 

reference distribution of LOS and thus lack the necessary statistical rigour to 

discriminate outliers from inliers. Consequently, it becomes necessary to develop a 

suitable trimming method that accounts for the distributional characteristics of LOS. 

4.3.3.2 Discordancy test trimming method 

A new procedure is proposed in this thesis based on formal statistical discordancy test 

(Barnett and Lewis, 1994) to identify outliers and determine their respective trim 

points. The procedure is as follows. 

After analysing frequency distributional characteristics of LOS, an appropriate 

distribution is assumed. The gamma distribution is adopted here as suggested in 

Section 4.2. 1. 

Let y ..... y,, be a random LOS sample of size n from the T( ) distribution, with 

shape parameter a and scale parameter 0. Suppose k (~! 1) upper outliers Yn-k+1 

Y(n )  in the gamma sample are to be tested for discordancy. An appropriate test statistic 

is given by 

- 
Y(,,k+1) +. . t— 

y1 

The probability P(t) that the subject observation(s) would be outliers for a fixed a can 

be calibrated via the Bonferroni inequality 

(n~ (n—k)t
P( t)~ 

I
a2(-)a >

k 
k k 

k(1—t)J 

where
~k) 

 is the number of combinations for the given k; see Barnett & Lewis (1994, 

p. 203) for more details. This probability P(t) may be assessed with reference to a 
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prescribed significance level say 5%. Initially the value of k is set equal to the 

frequency of the largest LOS in the ordered sample. The discordancy test is then 

applied consecutively (by increasing k i.e., adding the frequency of the next largest 

LOS) to verify whether any more outlier(s) can be identified. If no further outliers 

are found, we proceed to determine the HTP. The HTP is the point between y(n-k) and 

Yn-k+1 where P(t) just attains the prescribed significance level. 

The above discordancy test is designed specifically for identifying long stay outliers. 

An equivalent procedure to identify short stay outliers and to determine LTP can be 

similarly constructed based on the test statistic t' = (yi + ... + y(k)) /Xy1  instead of 

t; see Bai-nett & Lewis (1994, pp.  207-208). Approximate maximum likelihood 

estimators (Bowman and Shenton, 1988), which have closed forms, may be used for 

parameter estimation owing to their computational simplicity. 

4.2.3 Gamma regression model 

Provided that the data follow a gamma distribution, the relationship between LOS and 

its influencing factors can then be studied through a gamma regression model. Gamma 

regression is a member of the class of generalized linear models (McCullagh and 

Nelder, 1989). The proposed model is 

109(u)=6 0 +6 1 x1 +6 2 x2 + ... +6 p X p  

where 1u = E (LOS), i.e., the expected value of LOS, 6 are the regression 

coefficients and xj  represent independent variables (influencing factors). The scaled 

deviance is used for assessing the goodness of fit of the regression model above. The 

log link function is adopted in the model above because of its better goodness-of-fit 

and ease in model mterpretation. A comparison of gamma regression results under the 

log, inverse and identity link functions is given in Appendix 4.2. 

In Section 4.3.4, gamma regression results under two representative trimming 

methods (iQR and L3H3) together with no trimming will be contrasted and compared 

with that under the discordancy test trimming method. 
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4.3 APPLICATIONS 

4.3.1 LOS Data 

This study is based on LOS data for two groups of obstetrical DRGs (DRG 670, 672 

and 687; DRG 674, 675, 676 and 688) chosen from the hospital iiiforrnation system 

databases of the Royal Darwin Hospital, Northern Territory. These DRGs represent a 

large number of bed days at the hospital and therefore have great impacts on overall 

levels of average LOS. DRG 670 (Caesarean delivery without complicating diagnosis, 

sample size n=627), and adjacent DRG 672 (Caesarean delivery with severe 

complicating diagnosis, n222) and DRG 687 (Caesarean delivery with multiple 

complicating diagnosis, n=268) are chosen for comparison. Another group of 

adjacent obstetrical (vaginal delivery) DRGs are also chosen for comparison with 

Caesarean delivery DRGs and for assessing the suitability of the proposed 

methodology. They are DRG 674 (vaginal delivery without complicating diagnosis, 

n=3232), DRG 675 (vaginal delivery with moderate complicating diagnosis, n=498), 

DRG 676 (vaginal delivery with severe complicating diagnosis, n=560) and DRG 688 

(vaginal delivery with multiple complicating diagnosis, n=241). The total sample size 

is 5648. The data, based on separation dates, are available from July, 1992 to 

September, 1996. Patient's socio-economic characteristics (age, gender, 

Ahoriginality, marital status, country of birth, occupation, employment and insurance 

status), health provision factors (mode of separation, accommodation status, 

admission type, source of referral, distance from the hospital and treating medical 

officer) and other relevant factors (number of diagnoses, number of procedures and 

number of inpatient theatre attendances) are reviewed and selected from the main 

database. These are considered as potential factors influencing LOS based on the 

results of Chapter 3. 

4.3.2 Results 

4.3.2. 1 1(lentlt!cation of LOS distributions 
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The summary statistics and K-S tests for 7 DRGs are listed in Tables 4.2 - 4.8. The 

frequency distributions and fitted normal distribution curves of LOS, LLOS, TLOS and 

SLOS for DRO 670 are ifiustrated in Figures 4.1 - 4.4. The boxplots of LOS, LLOS, 

TLOS and SLOS for DRO 670 and 674 are presented in Figures 4.5 - 4.8. For other 

DRGs, similar results have been found. These demonstrate that the distribution of 

LOS is positively skewed even after logarithmic, TLOS or SLOS transformations. 

These also suggest that the transfOrmed data cannot adequately be described as being 

normally distributed. Therefore, it does not satisfy the essential property underlying 

the use of the classical multiple regression model, and analysis of influencing factors 

of LOS needs to he investigated using a more appropriate model to reflect the actual 

relationship between LOS and its influencing factors. 

Table 4.2 Summary statistics for DRG 670 

Statistics LOS LLOS TLOS SLOS 

Mean 6.191 0.765 0.493 2.450 
SD 2.455 0.153 0.082 0.432 
Median 6.000 0.778 0.500 2.449 
Kurtosis 39.427 5.700 3.291 10.323 
Skewness 4.265 -0.605 -0.388 1.413 
Minimum 1 0 0.143 1 
Maximum 35 1.544 0.854 5.916 
IQR 2 0.146 0.084 0.410 
K-S 0.207 0.182 0.168 0.164 
P for K-S 0.000 0.000 0.000 0.000 

* P value for Komogorov-Smirnov goodness-of-lit statistic. 
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Table 4.3 Summary statistics for DRG 672 

Statistics LOS LLOS TLOS SLOS 

Mean 8.437 0.875 0.553 2.818 
SD 4.708 0.211 0.109 0.705 
Median 7.000 0.845 0.538 2.646 
Kurtosis 8.556 3.669 2.069 3.436 
Skewness 2.477 -0.267 -0.184 1.303 
Minimum 1 0 0.143 1 
Maximum 35 1.544 0.854 5.916 
IQR 4 0.222 0.125 0.713 
K-S 0.208 0.139 0.134 0.178 
P for K-S* 0.000 0.000 0.000 0.000 

P value for Komogorov-Smirnov goodness-of-fit statistic. 

Table 4.4 Summary statistics for DRG 687 

Statistics LOS LLOS TLOS SLOS 

Mean 11.869 0.987 0.609 3.270 
SD 9.181 0.268 0.130 1.088 
Median 9.000 0.954 0.600 3.000 
Kurtosis 11.560 1.819 0.906 3.639 
Skewness 2.900 0.121 -0.195 1.552 
Minimum 1 0 0.143 1 
Maximum 72 1.857 0.923 8.485 
IQR 7 0.301 0.162 1.096 
K-S 0.217 0.119 0.098 0.169 
P for K-S 0.000 0.000 0.000 0.000 

P value for Komogorov-Smirnov goodness-of-fit statistic. 

Table 4.5 Summary statistics for DRG 674 

Statistics LOS LLOS TLOS SLOS 

Mean 3.485 0.483 0.347 1.806 
SD 1.886 0.234 0.112 0.473 
Median 3.000 0.477 0.333 1.732 
Kurtosis 16.703 0.104 -0.075 2.082 
Skewness 2.370 -0.389 0.046 0.579 
Minimum 1 0 0.143 1 
Maximum 26 1.415 0.813 5.099 
IQR 2 0.301 0.150 0.586 
K-S 0.168 0.177 0.140 0.124 
P for K-S 0.000 0.000 0.000 0.000 

P value for Komogorov-Smirnov goodness-of-fit statistic. 
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Table 4.6 Summary statistics for DRG 675 

Statistics LOS LLOS TLOS SLOS 

Mean 5.159 0.645 0.428 2.177 
SD 4.842 0.229 0.116 0.647 
Median 4.000 0.602 0.400 2.000 
Kurtosis 219.899 3.203 1.127 36.911 
Skewness 12.617 0.066 0.166 3.737 
Minimum I 0 0.143 1 
Maximum 93 1.968 0.939 9.644 
IQR 3 0.301 0.167 0.717 
K-S 0.244 0.151 0.129 0.159 
P  for  KS*  0.000 0.000 0.000 0.000 

* P value for Komogorov-Smirnov goodness-of-fit statistic. 

Table 4.7 Summary statistics for DRG 676 

Statistics LOS LLOS TLOS SLOS 

Mean 5.546 0.662 0.440 2.247 
SD 3.917 0.271 0.138 0.707 
Median 5.000 0.699 0.455 2.236 
Kurtosis 17.592 0.793 0.146 3.825 
Skewness 3.193 -0.254 -0.007 1.197 
Minimum 1 0 0.143 1 
Maximum 39 1.591 0.867 6.245 
IQR 4 0.368 0.205 0.732 
K-S 0.191 0.142 0.116 0.125 
P for K-S* 0.000 0.000 0.000 0.000 

* P value for Komogorov-Smirnov goodness-of-fit statistic. 

Table 4.8 Summary statistics for DRG 688 

Statistics LOS LLOS TLOS SLOS 

Mean 8.759 0.824 0.523 2.753 
SD 9.248 0.308 0.154 1.088 
Median 7.000 0.845 0.538 2.646 
Kurtosis 50.035 1.348 0.048 10.605 
Skewness 5.809 0.134 -0.075 2.304 
Minimum 1 0 0.143 1 
Maximum 104 2.017 0.945 10.198 
IQR 5 0.301 0.170 0.926 
K-S 0.218 0.102 0.087 0.129 
P for K-S 0.000 0.000 0.000 0.000 

P value for Komogorov-Smnirnov goodness-of-fit statistic. 
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The fitted gamma density is also superimposed over relative frequencies of LOS for 

DRG 670 in Figure 4.9. It shows that the gamma distribution is more suitable in 

reflecting the underlying distribution of LOS than those via transformations. For other 

DRGs, similar conclusions have been made. 

0.2 

0.18 

0.16 

> 0.14 

0.12 
0• 

0.1 

~ 0.08 

0.06 

0.04 

0.02 

0 

 

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 

LOS 

Figure 4.9 Distribution of LOS and fitted gamma curve for DRG 670 

Table 4.9 lists the estimated parameters of gamma distributions and K-S goodness of 

fit of seven DRGs when fitted to the empirical gamma distribution. It can be seen that 

the shape parameter a generally decreases while location parameter P increases for 

ascending DRG classification, which conforms with the increasing severity in each 

group of DRGs. The resulting K-S goodness of fit statistics are consistently and 

relatively better than the corresponding ones under nonnality above. 



Table 4.9 Gamma distribution parameter estimates and goodness of fit statistics 

for all seven DRGs 

Group DRG a P K-S P for KS* 

Caesarean 670 6.012 1.030 0.055 0.049 

delivery 672 3.226 2.615 0.109 0.011 

687 1.719 6.905 0.098 0.015 

Vaginal 674 3.417 1.020 0.023 0.052 

delivery 675 4.035 1.278 0.062 0.046 

676 2.009 2.761 0.060 0.038 

688 0.901 9.723 0.095 0.032 

* P value for Komogorov-S mirnov goodness-of-fit statistic. 

4.3.2.2 Identification of outliers 

Table 4.10 lists the LTPs, HTPs, number of outliers and the goodness-of-fit of the 

trimmed data to the gamma distribution under various trimming methods. It can be 

found that (1) only DRG 672 has lower outliers identified by the discordancy test; (2) 

the HTPs determined by the discordancy test approach exceed in magnitude those by 

other methods, resulting in less upper outliers; and (3) after trimming, the goodness of 

fit of LOS data to the gamma distribution under discordancy test method are generally 

better than those under other trimming methods. 
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Table 4.10 LTPs, HTPs, number of outliers and the goodness-of-fit of the trimmed data 

under various trimming methods 

Group DRG Statistics L5H5 IQR 2SD L3H3 Discordancy 

670 LTP 1.24 2.00 2.06 2.06 0.00 
HTP 11.19 10.00 11.10 18.57 19.32 
No. outliers (%) 20(3.19) 25(3.99) 29(4.63) 15(2.39) 2(0.32) 
K-S 0.056* 0.058* 0.060* 0.055 0.048 

Caesarean 
delivery 672 LTP 1.69 0.00 2.81 2.81 1.15 

HTP 13.44 16.00 17.85 25.31 28.77 
No. outliers (CX) 26(11.71) 13(5.86) 13(5.86) 7(3.15) 5(2.25) 
K-S 0.1 10* 0.098* 0.095* 0.093* 0.093* 

687 LTP 2.37 -3.50 3.96 3.96 0.00 
HTP 16.87 24.50 30.23 35.61 49.23 
No. outliers (%) 52(19.40) 20(7.46) 18(6.72) 15(5.60) 3(1.12) 
K-S 0.088 0.091* 0.089* 0.086* 0.084 

674 LTP 0.70 -1.00 1.16 1.16 0.00 
HTP 8.49 7.00 7.26 10.46 13.35 
No. outliers (%) 52(1.61) 89(2.75) 426(13.18) 355(10.98) 6(0.19) 
K-S 0.025 0.026* 0.023 0.020 0.020 

675 LTP 1.03 -1.50 1.72 1.72 0.00 
HTP 10.16 10.50 14.84 15.48 16.03 

Vaginal No. outliers (%) 34(6.83) 18(3.61) 23(4.62) 21(4.22) 5(1.00) 
delivery K-S 0.063* 0.064* 0.056 0.062* 0.057 

676 LTP 1.11 -3.00 1.85 1.85 0.00 
HTP 10.55 13.00 13.38 16.64 17.07 
No. outliers (%) 64(11.43) 23(4.11) 52(9.29) 40(7.14) 9(1.61) 
K-S 0.058 0.061' 0.063* 0.062* 0.058 

688 LTP 1.75 -2.50 2.92 2.92 0.00 
HTP 13.76 17.50 27.26 26.28 31.26 
No. outliers (%) 32(5.71) 16(2,86) 24(4.29) 25(4.46) 5(0.89) 
K-S 0.090* 0.089 0.091* 0.093 0.090* 

* P<0.05; ** P<0.01. 

4.3.2.3 Sensitivii' (1nalVsis 

Sensitivity of shifting trim points can he assessed by analysing the distributions of 
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separations and bed-days under different trinuning methods. The results for DRG 

670 and 674 are illustrated in Tables 4.11 and 4.12. The number of bed-days is 

obtained by summing the product of LOS and its corresponding frequency. While the 

figures for the inliers category generally show an upward trend from the risk-based 

L5H5 to the more conservative discordancy test method, the reverse trend is evident 

for the upper outliers category. 

To compare their differential effects from the funding perspective, Inlier Equivalent 

Separations (IES) are computed via the adjustment formula: 

10.7 / LTP if y = 1 and same day patient 

y/LTP if 1 y<LTP 
IES = 1 if LTP :!~ v HTP 

1+(y—HTP)/(HTP—) if v>HTP 

For example, the 627 and 3232 patients in DRG 670 and 674, respectively, become 

equivalent to 628.78 and 3236.25 inlying cases according to the discordancy test 

procedure. We then standardise all IES based on the DRG 670 and 674 national 

general cost weights which are 1.5448 and 0.7673, respectively. Cost reimbursements 

are finally calculated by multiplying the national benchmark price ($2,405). As shown 

in Tables 4. 11 and 4.12, the payments can differ substantially among methods. In 

particular, the total payments for DRG 670 and 674 derived from the IQR method 

exceed those of the discordancy test by $83,498 and $126,560, respectively. 
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Table 4.11 Sensitivity analysis of separations, bed-days and payment under various 
trimming methods for DRG 670 

Statistics L5H5 TQR 2SD L3H3 Discordancy 

Lower outliers: Separations (%) 
Bed-days (%) 
IES (%) 

InImers: Separations (%) 
Bed-days (%) 
IES (%) 

Upper outliers: Separations (%) 
Bed-days (%) 
IES (%) 

Total: IES 
Payment ($) 

0.64 0.64 2.07 2.07 0.00 
0.10 0.10 0.57 0.57 0.00 
0.50 0.31 1.67 0.31 0.00 

96.81 96.01 95.37 97.61 99.68 
93.33 91.91 92.86 97.84 98.40 
94.63 93.41 93.37 96.82 99.40 

2.55 3.35 2.55 0.32 0.32 
6.57 7.99 6.57 1.60 1.60 
4.86 6.29 4.96 2.87 0.60 

641.42 651.25 640.45 629.69 628.78 
2383034.95 2419566.07 2379415.28 2339444.01 2336068.40 

Table 4.12 Sensitivity analysis of separations, bed-days and payment under various 
trimming methods for DRG 674 

Statistics L5H5 IQR 2SD L3H3 Discordancy 

Lower outliers: Separations (%) 
Bed-days (%) 
IES (%) 

Inliers: Separations (%) 
Bed-days ((I'c, ) 
IES (%) 

Upper outliers: Separations (%) 
Bed-days (%) 
IES (%) 

Total: IES 
Payment (S) 

0.00 0.00 10.43 10.43 0.00 
0.00 0.00 3.00 3.00 0.00 
0.00 0.00 8.95 9.09 0.00 

98.39 97.25 86.82 89.02 99.81 
94.82 92.20 89.20 94.67 98.92 

97.54 95.10 86.41 90.01 99.68 

1.61 2.75 2.75 0.55 0.19 
5.18 7.80 7.80 2.33 1.08 
2.46 4.90 4.64 0.90 0.32 

3260.28 3304.83 3247.20 3195.23 3236.25 
6016371.00 6098590.86 5992245.34 5896337.98 5972030.06 

4.3.2.4 Comparison of gamma regression fit 

The comparison of goodness-of-fit of the gamma regression through discordancy test 

trimming and other trimming methods are illustrated in Tables 4.13 and 4.14 for DRG 
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670 and 674, respectively. For other DRGs, similar results have been found. 

Compared to other models, gamma regression model under discordancy test trimming 

has the smallest scaled deviances, which demonstrates that the gamma regression 

model under discordancy test trimming provides a better fit in depicting the 

relatioiisliip between LOS and its influencing  factors. 

There are clear discrepancies among the four methods studied. For example, for DRG 

670, the number of diagnoses is a significant factor in the discordancy test, L3H3 and 

no trimming methods, whereas the number of procedures and treating medical officer 

are judged significant by the discordancy test, L3H3 and IQR methods but not for the 

no trimming method. The marital status of the patient is a significant factor under both 

discordancy test and L3H3 methods. Discrepancies have been also found in DRG 672 

and 5 other DRGs. 

For DRG 670, six significant influencing factors of LOS are found in the gamma 

regression model under discordancy test trimming (see Table 4.13). They are the 

number of diagnoses, number of procedures, Aboriginality, marital status, separation 

type and treating medical officer. Those patients with greater numbers of diagnoses 

and procedures, who are Aborigines or who are single women had longer stays at the 

hospital (coefficients for these factors are positive). On the other haiid, patients who 

were separated to their homes after hospitalisation or treated by medical officer 3 had 

shorter stays (coefficients are negative). 

Different results are found for DRG 674 under discordancy test trimming method (see 

Table 4.14). There are six significant influencing factors of LOS identified: number of 

diagnoses, number of procedures, Aboriginality, country of birth, patient's district and 

treating medical officer. Those patients with greater numbers of diagnoses and 

procedures, who are Aborigines or were born in Australia, who were from urban 

Darwin or treated by medical officer 5 had significant longer stays at the hospital, 

implying that these factors would prolong the length of inpatient stay when compared 

with their respective reference categories. 
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Table 4.13 GamiTla regression results for trimmed data under different trimming methods for DRG 670 

Influ elicilig factoi's Reference IQR L3 H3 Discordancy No 
category tnlnnung 

(constant) 1.8102*5 1.673 1.5578 1.4083 

Number of diagnoses 0.0165 0.0404** 0.0388** 0.0448** 

Number of procedures 0.0388* 0.0403 0.04 19* 0.0366 

Number of inpatient theatre attendances 0.0247 0.0231 0.1001 0.249 1 

Patient's age -0.0010 0.0024 0.0030 0,0021 

Ahoriginality: Aboriginal Non-Aboriginal 0.0543*5 0.0930** 0.0998*5 0.1042** 

Marital status: Married Others -0.0006 -0.0005 0.0019 -0.0013 

Single 0.0061 0.0491* 0.05 12* 0.0438 

Country of birth: Australia Non-Australia 0.0231 0.0094 0.0064 0.0085 

Occupation: Managers/professionals/clerks Home duty 0.0273 0.0277 0.0298 0.0307 

Personal service workers/labourers 0.0072 0.0082 0.0086 0.0125 

Referral from: Local medical officers Other sources 0.0254 0.0083 0.0131 0.0270 

Ambulance & emergency -0.0240 -0.0 163 -0.0094 -0.0085 

Outpatients 0.0065 -0.0108 -0.0097 -0.0178 

Otlierhmospital 0.0053 0.0078 0.0106 0.0108 

Admission type: Emergency Planned admission 0.0096 0.0186 0.0153 0.0318 

Maternity 0.0074 0.0057 0.0074 0.0114 

Separation type: To home To other places 0.0454* -0.0462 -0.0534 0.0718** 

Acconunodation status: Ptmhlic patients Other patients -0.0643 -0.0780 -0.0708 -0.0808 

Firstunit admitted: Obstetric unit Otherunit 0.0136 0.0218 0.0216 0.0281 

(7ynaecological unit -0.0074 -0.0146 -0.0129 -0.0106 

Patient's type: Rural Urban or CFIS 0.0544* 0.0569* 0.0405 0.0463 

Patient's district: Urban Daiwin Other districts 0.0064 0.0225 0.0079 -0.0137 

Rural Damwin 0.0118 0.0060 0.0052 0.0136 

'rreating medical officer: MOI Other MOs -0.0306 -0.0296 -0.0268 -0.0242 

M02 -0.0023 0.0032 0.0040 0.0033 

M03 -0.0262 0.0266* -0.0266 -0.0 163 

M04 -0.0007 -0.0045 -0.0042 -0.0046 

MOS 0.0053 0.0129 0.0120 0.0239 

lmmsuraimce status: Insured Not insured 0.1042* 0.0998 0.0759 0.0765 

Scaled deviance 0.0845 0.0769 0.0633 0.0916 

CHS - community health services; * P<0.05; **P<0.01  



Table 4.14 Gamma regression results for trimmed data under different trimming methods for DRG 674 

Influencing lactors Reference category IQR L3H3 Discordancy No 
trinnuing 

(constant) 1.142** 1.1876** 1.1396** 1.1829** 

Number of diatmoses 0.0967** 0.1080** 0.1361** 0. l376' 
Number of procedures 0.0757 ** 0.0447** 0.073 ** 0.0780** 

Number of inpatient theatre attendance 0.0445 -0.0048 0.0467 0.0605 
Patient's atze -0.0050 -0.0028 -0.0060 -0.0055 
Ahoriginality: Aboriginal Non-Aboriginal -0.0262 -0.0216 0.0387* 0.0429** 

Marital status: MuTied Others 0.0162 0.0124 0.0152 0.0175 
Single -0.0196 0.0077 -0.0004 0.0361* 

Country of birth: Australia Non-Australia 0.0280** 0.0148 0.0258* 0.0263* 

Occupation: Managers/professionals/clerks Home duty 0.0304 0.0220 0.0381 0.0366 
Personal service workers/labourers -0.0203 -0.0145 -0.0206 -0.0203 

Referral from: Local medical officers Other sources 0.0048 -0.0139 0.0269 0.0309 
Ambulance & emergency 0.0311 0.0107 0.0179 0.0150 
Outpatients 0.0291 -0.0040 0.0184 0.0191 
Other hospital 0.0131 0.0096 0.0087 0.0080 

Admission type: Emergency Planned admission -0.0351 -0.0462 -0.0240 -0.01 13 
Maternity 0.0007 -0.0103 -0.0076 -0.0062 

Separation type: To home To other places -0.0362 -0.0372 -0.0319 -0.0290 
Accommodation status: Public patients Other patients 0.0494 0.0232 0.0668 00598 
First unit admitted: Obstetric unit Other unit -0.1349 -0.1291 -0.1495 -0.1504 

Gynaecological unit 0.0450 0.0220 0.0328 0.0319 
Patient's type: Rural Urban or CHS 0.0026 0.0019 0.0076 0.0129 
Patient's district: Urban Darwin Other districts 0.0546* 00434* 0.0626** 00564* 

Rural Darwin 0.019() 0.0247* 0.0230 0.0325* 

Treating medical officer: MOI Other MOs 0.0042 -0.0034 -0.0167 -0.0123 
M02 0.0149 0.0087 0.0075 0.0058 
M03 -0.0125 -0.0171 -0.0210 -0.0219 
M04 -0.0076 -0.0072 -0.0086 -0.0081 
MOS 0.0 170**  0.008() 0.0167** 0.0204** 

Insurance status: Insured Not insured -0.0052 -0.0349 -0.0056 -0.0385 

Scaled deviance 0.2532 0.2441 0.2370 0.3052 

CHS - community health services; * P<0.05; **p<Uo 



After re-fitting these significant factors, the final gamma regression models are 

established for DRG 670 and 674 (Tables 4.15 and 4.16). The differences of scaled 

deviances between the final and full models are 0.0062 and 0.0000 for DRG 670 and 

674, respectively, which shows that the final models are quite adequate. 

Table 4.15 Final gamma regression model for DRG 670 

Influencing factors Reference category Coefficient SE T value 

(constant) 1.6938 0.0499 33.9451** 

Number of diaoses 0.0390 0.0118 3.3 146** 

Number of procedures 0.0441 0.0188 2.3440* 

Ahoriginality: Aboriginal Non-Aboriginal 0.1154 0.0148 7.8238** 

Marital status: Married Others -0.0023 0.0120 -0.1947 
Single 0.0577 0(1)237 2.4283* 

Separation type: To home To other places -0.0518 0.0207 2.5063* 

Treating medical officer: MO1 Other MOs -0.0376 0.0168 2.2401* 

M02 0.0082 0.0106 0.7761 
M03 -0.0361 0.01(1)6 3.4224** 

M04 -0.0091 (1)0059 -1.5434 
MOS 0.0099 (1)0(1)70 1.4234 

* l<005 **I)<0() 

Table 4.16 Final gamma regression model for DRG 674 

Influencing factors Reference category Coefficient SE T value 

(constant) 1.0138 0.0738 13 .7406** 

Number of diagnoses 0.1384 0.0153 9.0230** 

Number of procedures 0.0743 0.0109 6 .8220** 

Patient's age -0.0063 0.0016 _3.9205** 

Aboriginality: Aboriginal Non-Aboriginal 0.0458 0.0150 3.0665** 

Country of birth: Australia Non-Australia (1)0235 0.0104 2.26 14* 
First unit admitted: Obstetric unit Other unit -0.1444 0.0685 _2.1067* 

Gypaecological unit 0.0308 0.0302 1.0213 
Patient's district: Urban l)arwin Other districts 0.0700 0.0171 4.0863** 

Rural Darwin 0.0221 0.0129 1.7062 
Treating medical officer: MO1 Other Mos -0.0133 0.0127 -1.0483 

M02 0.0060 0.0087 0.6920 
M03 -(1)0174 (1)0073 2.3892* 

M04 -0.006(1) 00043 -1.4015 
MOS 0.0199 0.0056 3.5586** 

* P<0.05; ** 
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The final gamma regression models for the other 5 DRGs are listed in Tables 4.17 - 

4.21. Different sets of influencing factors for different DRGs are found, implying that 

different interventions can he applied to different DRGs. 

Table 4.17 Final gamma regression model for DRG 672 

Intluencing factors Reference 
category 

CoefOcient SE T value 

(constant) 1.6449 0.1768 9.3060** 

Number of inpatient theatre attendances 0.5352 0.1485 3.6046** 

Treating medical officer: MO1 Other MOs -0.0258 0.0407 -0.6334 
M02 (11)658 0.0292 2.2562* 

M03 -0.0770 0.0344 2.2430* 

M04 (1)0(1)09 0.0165 0.0532 
M05 0.0710 0.0203 3 .5058** 

Insurance status: Insured Not insured 0.0833 0.0339 0.9932* 

* P<005 **<9; 4 The difference of scaled deviances between final and full models is 0.0035. 

Table 4.18 Final gamma regression model for DRG 687 

Influencing factors Reference category Coefficient SE T value 

(constant) 2.1879 ((.1269 17.2439** 

Number of procedures 0.1125 0.0535 2.1037* 

Occupation: Managers/professionals/clerks Home duty -0.1976 ((.1282 -1.5421 
Personal service workers/labourers 0.1174 0.0486 2.4165* 

Patient's district: Urban Darwin Other districts ((.0432 0.0483 0.8945 
Rural Darwin 00737 0.0302 2.4385* 

Treating medical officer: MO) Other MOs 0.0631 0.0562 1.1212 
M02 -0.0398 0.0392 -1.0139 
M03 0.0882 0.0409 2.1585* 

M04 0.0421 0.0233 1.8105 
M05 0.0536 0.0227 2.3591* 

* p<()05. **p<QQ); 4 Tlie difference of scaled deviances between final and full models is 0.0058. 
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Table 4.19 Final gamma regression model for DRG 675 

ht1uencing factors Reference category Coefficient SE T value 

(constant) 1.9878 0.1473 13.4916** 

Number of diamoses 0.0649 0.0177 3.6653** 

Number of procedures 0.0588 0.0248 2.3669* 

Patient's ae -0.0148 0.0037 39547** 

Referral from: Local medical officers Other sources 0.0488 0.1012 0.4822 
Ambulance & emergency -0.0293 0.0343 -0.8532 
Outpatients 0.3353 0.1145 2.9291** 

Other hospital -0.0537 0.0297 -1.8077 
Treating medical officer: MOI Other MOs 0.0388 0.0296 1.3096 

M02 -0.0116 0.0215 -0.5392 
M03 -0.0168 0.0184 -(1)9137 
M04 0.0184 0.0114 1.6082 
M05 0.0286 0.0145 1.9777* 

* P<0.05; <'K  1'<0.01 The differcnce of scaled deviances between final and full models is 0.0010 

Table 4.20 Final gamma regression model for DRG 676 

Influencing factors Reference category Coefficient SE T value 

(constant) 1.5913 0.1266 12.5689** 

Number of procedures 0.0592 0.0264 2.2399* 

Admission type: Emergency Planned admission -0.2412 0.0618 3.9007** 

Maternity -((.0837 0.0424 - 1.9758* 

First unit admitted: Obstetric unit Other unit -0.2862 0.1444 _1.9824* 

Gynaecological unit 0.1243 0.0808 1.5375 
Treating medical officer: MO1 Other MOs -0.0130 0.0371 -0.3514 

M02 -0.0004 0.0241 -0.0160 
M03 -0.0121 0.0189 -0.6374 
M04 0.0279 0.0132 2.1206* 

MOS 0J0374 0.0146 2.5674* 

* P<0.05; ** 0<0.01; The difference of scaled deviances between final and full models is 0.0266 
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Table 4.21 Fiiial gamma regression model for DRG 688 

Influencing Inctors Reference category Coefficient SE T value 

(constant) 1.6666 0.1665 10.0084** 
Number of diaenoses 0.1118 0.0365 3.0588** 
Patient's district: Urban Darwin Other districts 0.1586 0.0537 2.9522** 

Rural Darwin 0.0278 0.0363 0.7644 
Treating medical officer: MO! Other MOs 0.0078 0.0619 0.1262 

M02 0.0077 0.0404 0.1906 
M03 -0.0069 (1)0291 -0.2365 
M04 0.0366 0.0291 1.2597 
M05 0.0664 (1)0251 2.6507** 

* P<0.05; P<0.() I The difference of scaled deviances between final and full models is 0.0020. 

4.4 DISCUSSION 

4.4.1 Justification of discordancy test trimming method 

The discordancy test procedure is an iniprovement over the non-parametric methods 

to identify outliers of LOS, due to the following reasons. Firstly, the discordancy test 

approach takes the distributional characteristics of LOS into account. The 

distributions of LOS for different DRGs may vary considerably. It has been 

established that most LOS data are positively skewed. The other trimming methods 

are not statistically justified: they are either based on distribution-free measures or rely 

on the unrealistic noniiality assumption. Accounting for distributional characteristics 

assists in the preparation of prescriptive policies for more efficient utilisation of 

resources. There is no suggestion to force all DRGs to follow a single distribution. 

The proposed approach is not limited to the garnnm family of distributions. Extensions 

to other paratnetric families are also feasible. For example, the data for DRG 672 does 

not fit the gamma distribution well (see Table 4.9). The mixture distribution analysis 

discussed in the next chapter may be explored to fit the data. For some DRGs, the 

data may be fitted with exponential distributions or other types of distributions. 

Secondly, the discordancy test may be combined with goodness-of-fit criteria to 

determine trim points. No such criteria appear feasible for other methods. Thirdly, the 

discordancy test can be used to identify short stay outliers as well as long stay 

outliers, unlike the IQR method where negative LTP values are encountered. Finally, 
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an appropriate sample size should he kept to allow for reasonable estimation. Too 

much trimming is considered unrealistic. Accepted notion of outliers as very unusual 

cases (Fetter, 1984) is consistent with the more conservative discordancy test 

trimming method. However, it should he emphasised that the values of HTP 

determined by the discordancy test method should be adopted in conjunction with 

their clinical meaning. If we were to use the outliers as cases needing a medical audit 

to determine the high LOS, then allowing the values of HTP to exceed the clinical 

values will reduce the number of records available for review, and hence the power to 

detect the cause of the high LOS. Thus, it is important to consider both statistical and 

clinical aspects in determining HTP. 

4.4.2 Implications of different gamma regression results in Casemix funding 

From the gamma regression results above, it is observed that different trimming 

methods lead to different sets of influencing factors of LOS. In order to meet the 

funding objectives of equity, efficiency and incentives, we need to consider not only 

the LOS itself but also the relevant factors affecting LOS. Those significant factors 

identified from gamma regressions may explain why outliers behave differently to 

iiiliers. In addition, they provide valuable insights for further modification of the DRG 

classification system. For example, for DRG 670, the number of inpatient theatre 

attendances and treating medical othcer 5 are significant under the non-trimming 

model while the number of procedures, single women (marital status) and treating 

medical officer 3 are significant under the discordancy trimming model. These factors 

thus distinguish outliers from inliers for this particular DRG. Eagar and Hindle 

(1994a) also pointed out that it is possible to examine features of a single DRG by 

splitting its members into sub-classes by principal diagnosis, age, type of discharge 

and so on. By simultaneously linking the determination of trim points with the analysis 

of influencing factors, the relevant factors can he targeted for LOS and cost 

reduction, resulting in a more efficient allocation of funds and utilisation of resources 

without conipromising the quality of health care. 
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4.5 CONCLUSIONS 

A holistic approach as suggested in this chapter can be achieved through an axiomatic 

adoption of the following: 

Analyse the distributional characteristics of LOS for identifying the underlying 

distribution. 

Apply a discordancy test specific for the assumed distribution to determine the 

trim pomts separating LOS outliers from inliers. 

Fit appropriate regression models involving influencing factors to the trimmed and 

non-trimmed data separately. Factors influencing LOS can then he identified for 

inliers and outliers. 

Prescribe suitable measures to reduce LOS based on the regression results. 

Adjust the funding formula to incorporate these measures. 

Meanwhile, it is important to note that (1) the discordancy test trimming method is 

the most appropriate approach in deternuiniiig outliers; (2) identification of inliers and 

outliers has important impact on reduction of LOS; and (3) measures taken to shorten 

LOS can he based on DRGs. 

It is interesting to find that the K-S goodness of fit statistics do not changes 

substantially between the gamma distributio of LOS and the correspondmg one under 

normality for DRG 672 (see Tables 4.3 and 4.9). For DRGs such as DRG 672 whose 

empirical LOS distributions do not follow a gamma distribution, the mixture 

distribution analysis discussed in the next chapter may he explored, which is also an 

altenative way of determining influencing factors for inliers and outliers (different 

components). 
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Appendix 4.1 Algorithms for estimating shape and location scale 
parameters of a gamma distribution 

The equation for gamma probability density function f(y) contains two parameters, 

namely, shape parameter a and location scale parameter , 

= /3 0F(a)' (Z [3>0; 0 < y 

where a) = f y'edv is the gamma function. 

Three algorithms to approximate the full maximum likelihood estimates of a and 0 
are given below. 

Method of moment estimation (see, e.g., Larsen and Marx, 1986, pp. 269-271; 

Mendenhall, 1988, p. 67) 

The first two moments of a gamma distribution are given by 

t(l)= E(Y) = a/3, 

t(2 = E(Y2) =  

The first two sample moments are 

In Y (sample mean). 

m(2)  = y2 (sample niean square). 

The system of equations that derives from setting the i j 's equal to their 

corresponding m(j)  s reduces to 

a/3=Y 

a(a+1)/32= 
,2  
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Solving the two equations above can obtain & and 

Greenwood- Durand approximate method (G-D method, Greenwood and Duraid, 

1960) 

Set Y be the geometric mean of a random sample. 

M= ln(Y/Y) 

(0.5000876+ 0.1648852M - 0.0544276M 2 ) 
if 0:!~ M 0.5772. 

M 

(8.898919 +9.059950M + 0.9775373  M 2 ) 
ff05772 < M !~ 17. 

M(17.79728+ 11.968477M+ M) 

a =-, 

M 
if M >17. 

Maximum likelihood approximate method (M-L approximate method, see McCullagh 

and Nelder, 1989, p. 290) 

Deviance, proportional to twice the difference between log likelihood achieved under 

the model and the maximum attainable value, is defined as 

D(y;j) = —2w{1og(y 

D= D(y;)/n. 

6+2D 
D(6+ D) 
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Table A.4. 1 lists the parameter estimates of gamma distribution under the three 

algorithms for DRG 670 and 674. For other 5 DRGs, similar results have been found. 

Owing to the simplicity in calculations and its proximity to the full iriaximum 

likelihood, the estimates from the G-D method are adopted in the analysis. 

Table A.4.1 Parameter estimates of gamma distributions under three algorithms 

DRG Parameter Method of moment G-D method M-L approximate method 

670 6.124 6.012 6.023 

13  1.011 1.030 1.027 

674 3.450 3.417 3.420 
1.010 1.020 1.019 
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Appendix 4.2 Selection of link functions in gamma regression models 

There are three link functions, namely, the inverse link, the log link and the identity 

link, commonly used in fitting a gamma regression model (see McCullagh and Nelder, 

1989). 

The canonical link: inverse link 

The canonical link function yields sufficient statistics which are linear functions of the 

data. The fonn of the inverse link function is given by 

where u = E( LOS), the expected value of LOS. 

Log link 

The form of the log link function is given by 

log('u)=60 +61 x1 +62 x2 + 

where u = E (LOS). 

Identity link 

The fonn of the identity link function is given by 

p=6 0 +61 x1 +6 2 x2 + 

The gamma regression models under the three link functions for DRG 670 and 674 
are illustrated in Tables A.4.2. 1 and A.4.2.2. It can he seen that the significant factors 

identified by these three methods are similar, noting that the signs of coefficients 

under the inverse  link are opposite to those under the other two links. However, the 

scaled deviaiices of the fitted models under the log link are generally the smallest 

amongst the three links. The log link function is thus chosen in subsequent 

investigations. The chosen log link implicitly assumes that the effects of covariates are 

multiplicative in the LOS scale, which is logical in view of the nature of the factors. 
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Table A.4.2.1 Gamma regression results of discordancy test trimmed data under different link functions for DRG 670 

Influencing factors Reference category log Inverse Identity 

(constant) 1.5578** 0.2107** 4.7625** 
Number of diagnoses 0.0388** -0.0065 ** 0.2141** 

Number of procedures 0.0419* -00067 * 0.2431* 

Number of inpatient theatre attendances 0.1001 -0.0144 0.7599 
Patient's age 0.0030 -0.0006 0.0159 
Aboriginality: Aboriginal Non-Aboriginal 0.0998** -0.0155 0.6348** 

Marital status: Married Others 0.0019 0.0000 0.0110 
Single 0.0512* 0,0074* 0.3670* 

Country of birth: Australia Non-Australia 0.0064 -0.0001 0.0634 
Occupation: Managers/professionals/clerks Home duty 0.0298 -0.0045 0.1959 

Personal service workers/labourers 0.0086 -0.0015 0.0447 
Referral from: Local medical officers Other sources 00131 -0.0021 0.1160 

Ambulance & emergency -0.0094 0.0018 -0.0480 
Outpatients -0.0097 0.0010 -0.0746 
Other hospital 0.0106 -0.0015 0.0692 

Admission type: Emergency Planned admission 0.0153 -0.0031 0.0751 
Maternity 0.0074 -0.0012 0.0506 

Separation type: To home To other places _0.0534* 0.0075* _0.3401* 

Accommodation status: Public patients Other patients -0.0708 0.0108 -0.4007 
First unit admitted: Obstetric unit Other unit 0.0216 -0.0028 0.1317 

Gynaecological unit -0.0129 0.0029 -0.0371 
Patient's type: Rural Urban or CHS 0.0405 -0.0060 0.2484 
Patient's district: Urban Darwin Other districts 0.0079 -0.0019 0.0135 

Rural Darwin 0.0052 -0.0005 0.0446 
Treating medical officer: MOl Other MOs -C. 0268 0.0044 -0.1613 

M02 (1)0040 -0.0005 0(1)316 
M03 0.0266* ()()044* 0.1559* 

M04 -0.0042 0.0006 -0.0248 
MOS 0.0120 -0.0018 0.0738 

Insurance status: Insured Not insured 0.0759 -(1)0108 0.4441 

Scaled deviance 0.0633 0.0639 0.0637 
CHS - conunuiiitylieiltli services; P<0.05; 'P<O.O! 
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Table A4.2.2 Gamana regression results of discordancy test trimmed data under different link functions for DRG 
674 

Influencing factors Reference category log Inverse Identity 

(constant) 0.1396** 0.3000** 2.9464** 

Number of diaoses 0. 1361** 0.0290** 0.5651** 

Number of procedures 0073** 0.0193** 0.2637** 

Number of inpatient theatre attendance (1)0467 -0.0086 0.2263 
Patient's age _0,0060** 0.0018** _0.0194** 

Ahoriginality: Aboriginal Non-Aboriginal 0.0387* _0,0121** 0.1199* 

Marital status: Married Others 0.0152 -0.0044 0.0524 
Single -0.0004 0.0012 -0.0160 

Country of birth: Australia Non-Australia 0.0258* _0,0078*  0.0835* 

Occupation: Managers/professionals/clerks Home duty -0.0381 0.0110 -0.1318 
Personal service workers/labourers 0.0206 -0.0056 0.0731 

Referral from: Local medical officers Other sources 0.0269 -0.0094 0.1021 
Ambulance & emergency 0.0179 -0.0039 0.0670 
Outpatients 0.0184 -00094 0.0177 
Other hospital 0.0087 -0.0015 0.0432 

Admission type: Emergency Planned admission -0.0240 0.0058 -0.0752 
Maternity -0.0076 0.0028 -0.0172 

Separation type: To home To other places -0.0319 0.0063 -0.1338 
Accommodation status: Public patients Other patients 0.0668 -0.0172 0.2652 
First unit admitted: Obstetric unit Other unit _0.1495* 0.0451 _0.4624* 

Gynaecological unit 0.0328 -0.0096 0.1021 
Patient's type: Rui'al Urban or CHS 0.0076 -0.0001 0.0442 
Patient's district: Urban Darwin Other districts 0,0626** _0.0168** 0.2317** 

Rural Darwin 0.0230 -0.0051 0.0899 
Treating medical officer: MOI Other MOs -0.0167 0.0058 -0.0426 

M02 0.0075 -0.0022 0.0226 
M03 _(1).0210* 0.0058*  _0,0712* 
M04 -0.0086 0.0025 -0,0287 
MOS 0.0167** -0.0045 ** 0.0569** 

Insurance status: Insured Not insured -0.0056 0.0019 -0.0095 

Scaled deviance 0.2370 0.2384 0.2364 
ClIS - eolJununity health senices; * 1'<0.05 ; **P<O() I 
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Table A.4.2.3 Scaled deviances of full gamma regression models under different link functions for 
seven DRGs 

DRG 
Log 

Link 
Inverse Identity 

Degree of freedom 

670 0.0633 0.0639 0.0637 576 
672 0.1135 0.1186 0.1140 179 
687 0.2756 0.2812 0.2714 215 

674 0.2370 0.2384 0.2364 2986 
675 0.2083 0.2074 0.2089 426 
676 0.2731 0.2754 0.2736 469 
688 0.3546 0.3548 0.3550 185 
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Chapter 5 MIXTURE DISTRIBUTION ANALYSIS 

5.1 INTRODUCTION 

In Chapter 4, distinguishing outliers from inliers is considered important for reducing 

LOS. An unsolved problem is how to appropriately analyse the influencing factors of 

LOS outliers. This has implications not only on health financing and health policy 

but also for technical and non-technical inputs such as clinical technologies and 

practice, and patient factors (refer Figure 1.1 of Chapter 1). This is because the main 

assumption in Casemix funding is that outliers of inpatient length of stay have 

different resource consumption patterns from those of inliers. Therefore, inliers are 

funded differently from outliers under this scheme. Actual funding is largely 

dependent upon the numbers of inliers and outliers as demonstrated in Section 

4.3.2.3 of Chapter 4. Existing trimming methods distinguish outliers from inliers 

arbitrarily mainly because in these methods the distributional characteristics of LOS 

are not fully utilised. One of the exceptions to this is Fetter (1984), who suggested 

that the high outliers within DRGs might constitute a different component or 

distribution from the inliers. If this is true, the underlying characteristics of the 

distributions of LOS should he taken into consideration for the implementation of an 

efficient and equitable payment system. We need to (1) investigate the difference in 

composition of inliers and outliers, (2) find out whether inliers and outliers belong to 

a homogeneous population or separate populations, and (3) how the intrinsic 

heterogeneity can be modelled in order to minimise LOS effectively. 

In this chapter, an alternative method of modelling LOS is proposed. Instead of 

assuming a homogeneous distribution and adopting an arbitrary trim point, a Poisson 

mixture model is used to analyse the characteristics of LOS. Poisson mixture 

regressions are then applied to identify significant socioeconomic and other factors 

for components of the mixture distribution. Such factors are compared and contrasted 

between outlying and inlying components. The Poisson mixture model instead of the 

Gamma mixture model is adopted mainly due to methodological complexities in the 

latter formulation and the lack of available software to fit gamma mixture 

regressions. LOS data for two groups of adjacent obstetrical DRGs are used to 
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illustrate the applications of the mixture distribution analysis, results of which will be 

contrasted with those under main trimming methods adopted in Chapter 4. 

5.2 METHODS 

5.2.1 Finite mixture distribution 

A finite mixture model takes the form 

f(v) = a 1 g 1 (v ; 6 1 )+ a 2 g 2 ( )';6 2 )+ +ag(v; 6) 

and 

a 
i 
 = 1 

where a1  denotes the proportioll of the jth component, c is the number of 

components, and g1(y;61)  is the probability distribution function of the jth 

component with parameter 6. 

The analysis breaks down empirical distributions of data into a weighted sum of their 

elementary components. Parameters of the model (a's and 6's) are estimated by 

means of maximum likelihood estimation. Finite mixture theory can be found in 

Everitt and Hand (1981), Everitt (1984) and Lindsay (1995), while Bohning et al. 

(1992) gave a computer program C.A.MAN (Computer-Assisted Mixture Analysis) 

to fit finite mixture models. In this chapter, C.A.MAN will be used as a tool of 

analysis. Other available software to perform mixture distribution analysis include 

MIX (Macdonald and Green, 1988), DismapWin (Schlattmairn et al., 1996) and 

MIXGOOD (Agha and Branker, 1997). Using a personal computer with Pentium 

processor, it takes approximately half an hour to conduct mixture distribution 

analysis for one DRG via C. A.MAN. The fitting of Poisson mixture regression takes 

three to four times longer, due to the iteration process involved in estimating the non-

linear regression coefficients, and that reasonable initial values for the parameters 

must be supplied by the user for proper convergence. 
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In a finite mixture model, one needs to specify the component distribution g1  (y; 6). 

For methodological convenience, the Poisson distribution type is adopted here since 

the LOS for a patient can be considered as a random event in time, and LOS has been 

recorded as whole number of days so that the observed frequencies can be regarded 

as discretely distributed. 

Data are initially investigated without restriction in number, size and location of 

possible components to approximate the empirical distribution. This analysis results 

in models consisting of finite number of components, which are then compared with 

each other in terms of the log-likelihood ratio statistic, —2logX, a measure of 

goodness-of-fit of a model. In all cases a single component model is formulated as 

the null hypothesis. Improvement in the fit, e.g., two versus one component, can be 

seen from the increase of log-likelihood ratio. 

A non-parametric bootstrap method (Efron and Tibshirani, 1986 and 1993) is also 

used to estimate the 95% confidence limits of the location parameters (e's) and 

proportions (a's) for different components of the mixture distribution. The number 

of bootstrap replications is 10,000. If the confidence limits of different components 

do not overlay, it gives further evidence against the null hypothesis of a single 

component model (Reischies et al., 1996). 

5.2.2 Poisson mixture regression 

Provided that LOS data thilow a Poisson mixture distribution, identifying socio-

economic and other relevant factors iiifluencing LOS is needed because appropriate 

policies are required to reduce LOS. By targeting relevant factors, policies can be 

prescribed so that efficiency can be improved and funding allocation can be made in 

line with future health care outcomes. If the LOS distribution is non-homogeneous, 

classical regression analysis adopted in the literature must be eithanced to take this 

into consideration. The underlying relationships between LOS and its influencing 

factors can be modelled through a Poisson mixture regression model (Reischies et 

al., 1996). For the/tb component, the regression takes the form 
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log(6) = P jo + jlx1  + Th2x2  + + Thpxp 

where Pjk  is the regression coefficient for the kth influencing factor Xk. A positive 

coefficient means that the associated factor level may prolong the LOS relative to its 

reference category, and vice versa for a negative coefficient. 

The Poisson mixture regression model is fitted to the data conditional on the number 

of components identified in the aforementioned analysis. Effects of significant 

factors can then be compared between the components. The numerical package 

GAUSS (Aptech Systems, Inc., 1990) is used as a programming tool for estimating 

parameters of Poisson mixture regression models based on Broyden-Fletcher-

Goldfarh-S hanno and Newton-Raphson optimisation algorithms. The Broyden-

Fletcher-Goldfarb-Shanno algorithm can be used to start out the iterations without 

strong demands on the condition of the model and starting point. If convergence can 

not be reached, a more efficient Newton-Raphson optirnisation algorithm can be 

switched to. Asymptotic standard errors of the parameters are computed by inverting 

the estimated Hessian matrix. 

5.3 APPLICATIONS 

5.3.1 Data 

The same data as those in Chapter 4 are used. Due to the iteration process involved in 

fitting the non-linear mixture regressions, and that reasonable iiiitial values for the 

parameters must be supplied for proper convergence, some factors and their adjacent 

levels are combined to facilitate computations. Such a reclassification of factors, 

however, still enables us to compare the results with those under representative 

trimming methods adopted in Chapter 4. 

5.3.2 Mixture distribution analysis 
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Table 5. 1 lists the results of mixture distribution analysis for Caesarean delivery 

DRGs. It shows that for DRG 670, a single component Poisson model is suitable to 

describe the distribution of LOS. The log-likelihood from fitting the single 

component model is -1325.374 versus -1344.139 for the two component model 

(-2logX is 18.765, P<0.0001). However, for DRG 672 and 687, the two component 

models are superior to the single component models (-2logX are 8.596 and 53.298, 

P<0.01 and P<0.0001, respectively). The two fits cannot be enhanced by adding 

further components to the models (-590.059 versus -590.058 and -843.052 versus 

-842.681, P>0.05). Figures 5.1 - 5.3 show the empirical distributions of LOS and 

fitted Poisson mixture distributions for this group of DRGs. From these figures, it 

can be seen that a single Poisson distribution is quite reasonable for DRG 670. 

However, for DRG 672 and 687, two component Poisson mixture distributions 

appear to be appropriate. The existence of two underlying components is confirmed 

as the non-parametric bootstrap confidence limits of location parameters and 

proportions of the first and second components for DRG 672 and 687 do not overlay. 

Table 5.1 Poisson mixture distribution analysis for Caesarean delivery DRGs 

1 component 2 components 3 components 

DRG Component Paran icIer Proporti on( %) Parameter I 'roporti on( %) I'aranieter Proportion (%) 

670 1st 6.203 100 6.120 99.65 6.119 47.74 
(5 .7 24 .7.7 26 

2nd 29.778 0.35 6.120 51.91 

3rd 29.781 0.35 
Log likelihood -1325.374 -1344.139 -1344.138 

672 1st 8.446 100 7.354 91.46 7.347 20.86 
(6.943,7.621) (89.52,94.35) 

2nd 20.140 8.54 7.357 70.60 
(18.171.23.296) (3.56,15.84) 

3rd 20.141 8.54 
Log likelihood -598.654 -590.059 -590.058 

687 1st 12.833 100 8.782 82.56 8.116 73.23 
(8.169,9.040) (77.25,86.66) 

2nd 25.029 17.14 19.724 21.16 
22.850,29.029) (14.82,24.51) 

3rd 46.963 3.61 
Log likelihood -896.350 -843.052 -842.681 

* Within brackets are confidence limits based on non-parametric bootstraps of 10,000. 
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Figure 5.1 Empirical distribution of LOS for DRG 670 and fitted single 
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Figure 5.3 Empirical distribution of LOS for DRG 687 approximated by two 
component Poisson mixtures 

Table 5.2 provides Poisson mixture distribution analysis results for vaginal delivery 

DRGs. It shows that a single component Poisson model is suitable to describe the 

distribution of LOS for DRG 674. However, for DRG 675, 676 and 688, the two 

component models are superior to the respective single component models. The fit 

for DRG 675 again cannot be enhanced by adding further components to the models 

(-1098.919 versus —1097.832, P>0.05). The fits for DRG 676 and 688 actually 

deteriorate from two to three components. Figures 5.4 - 5.7 show the empirical 

distributions of LOS and fitted Poisson mixture distributions for this group of DRGs. 

It can be concluded that a single component Poisson distribution is adequate for 

DRG 674. However, for DRG 675, 676 and 688, two component Poisson mixture 

distributions seem to be more appropriate. Again, the confidence limits of the 

location parameters and proportions of the first and second components for DRG 

675, 676 and 688 do not overlay, providing further evidence to support the two 

component Poisson mixture distributions for these three DRGs. It is worth 

mentioning that patients in the second component suffer more severe conditions and 

stay longer than those in the first component. 



Table 5.2 Poisson mixture distribution analysis for vaginal delivery DRGs 

1 component 2 components 3 components 

DRO Component Parameter Proportion(%) Parameter Proportion (%) Parameter Proportion (%) 

674 1st 3.486 100 3.431 99.52 3.412 99.14 
(2.986,4.235) 

2nd 14.836 (1)48 10.078 0.72 

3rd 21.661 0.14 
Log-likelihood -6222.402 -6249.243 -6244.465 

675 1st 5.159 100 4.615 97.44 4.6346 95.77 
(3.895,5.697) (95,62,99,84) 

2nd 16.049 2.56 11.280 3.40 
(14.563,18.325) (0.43,6.13) 

3rd 23.934 0.83 
Log-likelihood -1103.801 - 1098.919 -1097.832 

676 1st 5.546 100 4.861 94.46 4.821 93.68 
(3.854,5.276) (91.88,97.86) 

2nd 16.499 5.54 14.663 5.71 
(13.521,19.642) (3.12,8.43) 

3rd 31.687 0.61 
Log-likelihood -1389,508 -1366.443 -1369.578 

688 1st 8,759 100 6.081 81.53 5.204 62.72 
(4.589,8.234) (72.91,89,33) 

2nd 16.689 18.47 10.802 31.46 
(12.568.19.345) (10.66,25.84) 

3rd 30.794 5.82 
Log-likelihood -742.27 1 -683.198 -706.337 

* Within brackets are confidence limits based on non-parametric bootstraps of 10,000 
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Figure 5.5 Empirical distribution of LOS for DRO 675 approximated by two 
component Poisson mixtures 
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Figure 5.7 Empirical distribution of LOS for DRG 688 approximated by two 
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5.3.3 Mixture regression results 

Tables 5.3 and 5.4 list the Poisson mixture regression results for Caesarean and 

vaginal delivery DRGs, respectively. It is found that the sets of significant 

influencing factors among the first component, the second component, and the whole 

sample are quite different, with typically fewer factors found for the first component 

(patients with relatively shorter stays). For example, in DRG 672, seven significant 

factors are identified for the whole sample, whereas two and ten factors are judged 

significant for the first and second components, respectively. While in DRG 687, 

nice significant factors are identified for the whole sample, whereas only two and 

five factors are significant for the first and second components, respectively. 

Although regression results for the whole sample are provided for comparison 

purpose, their coefficients are misleading given the heterogeneous nature of such 

DRG. Meanwhile, it is interesting to find that even for the same significant factor 

identified for both components withimi the same DRG, the signs of the corresponding 

coefficients tend to be opposite in direction. The reasons for such differences can be 

explored from both management and clinical perspectives. 
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Table 5.3 Poisson mixture regression results for Caesarean delivery DRGs 

DRG670 DRG 672 DRG687 

Influencing factors Reference category Whole Whole 1st 2nd Whole 1st 2nd 
sample sample component component sample Component component 

(Intercept) 1.464*** 2.545*** 1.868*** 3.415*** 2.504*** 2.248*** 2.719*** 

Numberof diagnoses 0.057*** 0037* 0019* 0.215** -0.005 -0.007 -0.008 

Numberof procedures 0.038 0.090** -0.006 0.292*** 0.160*** -0.007 0.252*** 

Aboriginality: Aboriginal patient Non-Aboriginal patient 0.237*** 0.086 0.127 0.470 -0.022 0.165* -0.052 

Age of the patient 0.002 -0.009 0.005 0.086*** -0.002 0.001 0.046*** 

Separation type: To home To other place 0.168** -0.080 0.106 -0.247 0.110* -0.046 -0.070 

Maritalstatus: Married Single/separated -0.001 0.016 -0.096 0.766*** 0.018 -0.086 -0.211 

Admission type: Emergency Planned admission -0.083 0.229 0.418 0.354* 0.405*** -0.054 -0.015 

Maternity 0.017 -0.067 -0.151 0.280 0.283*** 0059 0.065 

District: Urban Rural -0.075 0.198** 0.149* 0.262 -0.072 -0.108 0.337** 

Medical officer: MO1 Other MOs -0008 -0.110 -0.151 0.413* 0.539*** -0.050 0.671** 

M02 -0.046 0.171** -0.051 1.322*** 0.390*** -0.034 -0.249 

M03 -0.022 -0.023 -0.027 -0.274 0.545*** -0.118 0.377* 

Occupation: Manager/professional/clerk Labourer/Home duty -0.1 13** 0.257*** -0.115 -0.421 * 0.205*** -0.016 0.104 

Referral from: Local medical officer Other hospitals -0.004 -0.057 0.255 0.913* -0.003 -0.143 -0.053 

Ambulance & emsiergency -0.001 0.385* -0.253 0.970 0.372** 0.466* 0.413 

Outpatients -0.025 -0.075 0.176 0.497** 0.058 0.013 -0.123 

*p<0435 **p<001 ***p<0001 
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Table 5.4 Poisson mixture regression results for vaginal delivery DRGs 

DRG 674 DRG 675 DRG 676 DRG 688 

Influencing factors Reference category Whole Whole 1st 2nd Whole 1st 2nd Whole 1st 2nd 
sample sample component component sample component component sample Component component 

(Intercept) 1.155 2.016*5* 1.5945*5 2.531*** 1.894*5* 1.969*** 1.848** 2.067*** 2.031 1.775*** 

Numberof diagnoses 0.131*5* 0.081 0.064* 0.212* 0.071*** 0.054 0.065 0.119*5* 0.143*** 0.146* 

Numberof procedures 0.076*5* 0.0745* 0.055 0.510 0.055 0.077** -0.137 0.071*5 0.075* 0.2765*5 

Aboriginality: Aboriginal patient Non-Aboriginal patient 0.0775* 0.1665* 0.072* 0.002* 0.021 0.114* 0.494 0.086 -0.154 0.262 

Age of the patient -0.004 -0.005 -0.008 -0.003 -0.002 -0.011 0.045 -0.014 0.016** -0.013 

Separation type: Tohome To other place -0.048 -0.031 -0.006 0.025 0.046 -0.066 -0.509 0.219*** -0.139 0.675*5* 

Marital status: Married Singlelseparated 0.040* 0.026 0.003 0.073 0.086* -0.009 -0.274 0.301*5* 0.141* 0.431* 

Admission type: Ensergency Planned admission 0.012 0.544* 0.007 0.512 0.340** 0.144 0.798* -0.222k -0.174 -0.392 

Maternity 0.020 -0.388 0.024 0.031 -0.211 -0.059 -0.927 0.427*** -0.342 -0.085 

District: Urban Rural 0.139*** -0.064 0.089 0.065* 0.274*** 0.144* 0.248 0.314*** -0.381 -0.066 
Medical officer: M01 Other MOs 0.011 -0.134 0.055* 0.0895* -0.046 -0.173 0.557*5 0.205** 0.026 0.431* 

M02 -0.003 -0.028 -0.022 -0.034 -0.100 -0.181 0.742 -0.149 -0.044 -0.183 

M03 0.015 -0.040 0.036 0.257 0.180** 0.283*** 0.242 -0.311 -0.299 0.493** 

Occupation: Manager/professional/clerk Labourer/home duty -0.023 0.109* 0.024 -0.025 -0.103 0.161** -0.388 -0.213 0.037 -0.298 

Referral from: Local medical officer Otherhospitals -0.022 -0.184 -0.012 0.011* -0.057 0.034 -1.115 -0.160 0.114 -0.375 
Amhulance&emergency -0.005 0.033 -0.098 0.081 0.063 0.104 0.452 -0.054 0.055 0.044 

Outpatients -0.039 0.211** 0.025 0.913* 0.092 0.042 0.339 -0.002 0.143 -0.261 

* < 5 **p<ool 555 <0001 
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5.3.4 Comparison of mixture regression model with other models 

Table 5.5 provides a comparison with linear regression analysis after logarithmic 

transform of LOS. Pearson's chi-square and deviance statistics are used for assessing 

the overall goodness-of-fit of the regressions (McCullagh and Nelder, 1989). For 

brevity, only results from DRG 672 are presented. Similar findings are evident in 

other DRGs. In general, the mixture regression model has the smallest deviance and 

Pearson's chi-square, which demonstrates that the mixture regression model provides 

a better fit in depicting the relationship between LOS and its influencing factors. The 

signs of coefficients and the sets of significant factors identified are quite different 

among the three models. 

Table 5.5 Comparison of regression results and goodness of fit statistics among various models for DRG 672 

Poisson regression Poisson flllXtUre regression Linear 
regression 

Influencing factors Reference category for the whole 1St 2nd with log- 
sample colliponent component transformed 

LOS 

(Intercept) 2.545*** 1.868*** 3.415*** 1.524*** 

Number ol diagnosis 0.037* 0.019* 0.215** -0.018 
Number of procedures 0.090** -0.006 0.292*** 0.025 
Aboriginality: Aboriginal patient Non-Aboriginal patient 0.086 0.127 0.470 -0.015 
Age of the patient 0.009* 0.005 0.086*** 0.038 
Separation type:To lioiiie To other plices -0.080 0.106 -0.247 -0.035 
Marital status: Married Single/separated 0.016 -0.096 0.766*** 0.009 
Admission type: Emergency Planned admission 0.229 0.418 _0.354* -0.049 

Maternity -0.067 -0.151 0.280 0.017 

District:Urhan Rural 0.198** 0.149* 0.262 0.043 

Medical officer: MOI Other MOs -0.110 -0.151 0.413* -0.022 
M02 0.171** -0.051 1.322*** 0.014 
M03 -0.023 -0.027 -0.274 -0.042 

Occupation:Managers/professionals/clerks Labourer/home duty _0.257*** -0.1 15 _0.421* -0.023 
Referral frommi: Local medical officers Other hospitals -0.057 0.255 0.913* -0,011 

Ambulance & emergency 0.385* -0.253 0.970 -0.052 
Outpatients -0.075 0.176 0,497** 0,317*** 

Pearson's LId-square 27.980 7.053 30.093 
Scaled Deviance 17.926 2.564 19.540 

P<005 ** P<0.01, P.z0.001. 

Table 5.6 summarises the significant factors identified via gamma regressions under 

the L31-13 and IQR trimming, discordancy test trimming, and via Poisson mixture 

regression for DRG 672. It can be seen that different modelling methods give 
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different significant influencing factors of LOS. Tables 5.5 and 5.6 show that the 
mixture regression model can identify more significant factors than the other models. 
Analysing LOS data across this range of DRGs supports the suitability of Poisson 
mixture regression in terms of goodness-of-fit statistical criteria. 

Table 5.6 Significant factors identified via various modelling methods for DRG 672 

Significant factors Gamnm Gamma Gamma 
regression regression regression 
under IQR under L3H3 under 
tn mming trimming discordancy 

test trimming 

No. diagnoses 

No. procedures 

Patient's age 

Marital status X 

Occupati Oil 

Admission type 

District 

Referral source  

Poisson mixture reiession 

First 

component 

Second 

component 

x x 

x 

x 

x 

x 

x 

x 

x 

Treating medical officer X X X 

5.4 DISCUSSION 

5.4.1 Justification of mixture distribution analysis 

Mixture distribution analysis is appropriate to analyse LOS and its influencing 
factors. Traditional regression analysis relies on the unrealistic homogeneity 
assumption on the typically transformed sample. The resulting single set of factors 
can he quite misleading, especially for heterogeneous DRGs. Take DRG 672 for 
instance (refer Table 5.5). Referral from outpatients is identified as the only overall 
significant factor based on linear regression. For long stayers (patients within the 
second component of the mixture distribution) referred from outpatients, their LOS 
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are expected to be short compared to those referred from other sources such as 

transfer from another hospital. For short stayers (patients within the first component 

of the mixture distribution), the referral source is not important regardless of whether 

outpatients or not, since they often suffer less severe conditions (Xiao et al., 1997). 

Unlike mixture distribution analysis, no such insight is available from the linear 

regression results. The factor "Age of the patient" provides further contrasts among 

the methods. This factor is significant in both the mixture regression (the second 

component) and the Poisson regression for the whole sample but not in linear 

regression. Although its coefficient is positive in the first component of the mixture, 

it is not significant. The contrary holds for the second component of the mixture: the 

age of the patient becomes an important factor since the longer stayers tend to be 

younger for this DRG. This result coincids with findings by Makinen et al. (1994). 

In the mixture distribution analysis, the nature of LOS is taken into account since the 

shift from an inlier to an outlier is a natural changing process. Through mixture 

regression models, actual significant factors influenciiig LOS can be identified for 

the different components inherent in this process. 

5.4.2 Implications 

It appears that for those DRGs without complicating diagnosis, the distribution tends 

to be a single Poisson distribution. However, for those DRGs with complicating 

diagnosis, the distribution of LOS tends to have two or more mixed Poisson 

components. It is found that for DRGs with complicating diagnosis like DRG 672 

and 687, the values of location parameters increase with the severity of illness (from 

7.354 of DRG 672 to 8.782 of DRG 687 in the first component, and from 20.140 of 

DRG 672 to 25.029 of DRG 687 in the second component). Meanwhile, the 

proportion of the second component also increases (from 8.54% of DRG 672 to 

17. 14% of DRG 687). A similar phenomenon is observed in the vaginal delivery 

DRG group. 

This study confirmed that patient characteristics affect LOS. The factors found to be 

significant for these DRGs are number of diagnoses, number of procedures, 

Aboriginality, marital status, and the patient's occupation and age. 
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Numbers of diagnoses and procedures are related to the complications and 
comorhidities the patient had. The greater the number of diagnoses and number of 
procedures the patient had, usually the more severe the condition of the patient. 
Studies by Horn et al. (1983 and 1984) showed that the number of complications is 
one of the important components of a severity of illness index. The term comorbid 
implies the presence of more than one disease or pathological condition. Although 
patients with coinorhidities are not necessarily more severely ill or more costly to 
manage than patients with a single diagnosis, more comnorbidities are generally 
associated with a longer stay. Young (1984) also showed a correlation between 
number of comorbidities and severity of illness. 

The results of this study indicate that compared with patients who did home duties, 
personal service workers and labourers, those whose occupations are managers, 
professionals or clerks had shorter stays. Occupation is an important aspect of socio-
economic status, and workers or labourers are usually classified into a lower socio-
economic status group compared with other occupations. Other studies have also 
shown a tendency for LOS to increase with declining socioeconomic status (North 
East Thames Regional Health Authority, 1983; Epstein et al., 1988; Morgan and 
Beech, 1990). For example, an analysis of LOS within selected DRGs at a hospital in 
Boston, Massachusetts, showed that LOS were significantly longer for patients of 
lower socioeconomic status after adjusting for age, severity of illness and doctor's 
specialty (Epstein et al., 1988). 

The age of a patient is also a significant determinant of LOS. For DRG 674, DRG 
688, the first component of DRG 676 and the second component of DRG 672, the 
younger the patients, the longer they stayed at hospital. Such a finding does have 
some support from the literature (Makinen et al., 1994). 

In this study, the distance the patient lived from the hospital is also found to be an 
important factor influencing LOS for DRG 674 and the first component of DRG 672, 
676 and 688, with patients fi'oin rural Darwin areas having a longer stay than other 
patients. There are three possible reasons for this. First, the patients from distant 

95 



areas may have admissions to hospital delayed due to transportation difficulties. This 

in turn may cause the patients to develop complications or co-morbidities. Such 

complications would prolong the patients' stays in the hospital. A second reason is 

that patients may also have their discharge delayed due to logistical problems such as 

difficulties in arranging appropriate mode of transport to remote settlements. A 

similar effect of distance from hospitals on LOS was described by Eastaugh (1980). 

Finally, patient characteristic statistics show that, in this study, 82.3% of the patients 

from rural areas were Aborigines. Aboriginality is defined as "indigenous status of 

an Aboriginal or Tones Strait Islander decent who identifies as such by the 

community with which he or she is associated" (National Health Data Committee, 

1997). In the two groups of DRGs concerned, 26.08% (1473 out of 5648) are 

Aboriginal patients. Sanders et al. (1989) showed that the poor health state of 

deprived populations and their less favourable housing conditions can be viewed as 

producing the need for longer LOS. The specific cause of the longer stays of Aboriginal 

patients needs further studies, especially in terms of poor health status and poor housing 

conditions of these patients. This coiifirmed the initial findings in Chapter 3 (Section 

3.3). 

There are significant differences in LOS due to the treating medical officers. For 

example, compared with other medical officers, medical officer 1 allowed patients to 

stay significantly longer (an average difference of 1.7 days) for both components of 

DRG 675. Morgan and Beech (1990) also showed that discrepancies in clinicians' 

practices had some impacts on LOS. Further examination of its causes will benefit 

hospital managers to monitor the clinicians' quality of care and manage LOS. 

Admission and discharge plans have some effects on LOS. For example, for DRG 676, 

compared with those planned admissions, emergency and maternity admissions usually 

had shorter stays; whereas patients first admitted to the obstetric unit had shorter stays 

compared with those who were first admitted to other units. Similar research findings 

were documented jim Baharo et al. (1977). 

Separation type or mode is defined as the status of the patient (discharged, transfelTed, 

episode change, died) at the time of separation and the place to which the patient was 
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discharged or transferred (National Health Data Committee, 1997). For DRG 670 and 

the second component of DRG 688, separation type is a significant determinant of LOS. 

Those patients who were discharged to their homes (88.8 %, 555 out of 625) stayed 

shorter than others, i.e., transferred to nursing homes or to other hospitals. Separations 

to patients' homes usually can avoid delay of discharge. Cabl and Mayers (1983) and 

Anderson et at. (1988) have also shown that delays to discharge may be caused by lack 

of early discharge plaiming, and because of difficulties in alTanging post discharge 

accommodation or services. 

Based on the Poisson mixture regression results, hospital managers and clinicians 

may focus on the influencing factors of LOS separately for various components 

instead of those for the whole sample. It will greatly benefit in managing LOS. For 

example, in DRG 687, for those patients within the first component, factors such as 

Aboriginality and referral source can be considered, whereas for those within the 

second component, number of procedures, patients' ages, district as well as the 

differences in practices among medical officers should be dealt with. Although some 

of the factors found associated with LOS are apparently out of the control of hospital 

managers, clinicians or policy makers, it is necessary to introduce incentives that 

assist in making health care provision more efficient (Altman and Garfink, 1990). By 

identifying factors influencing LOS for the various components, payment formulae 

can be linked to these factors. This in turn suggests appropriate incentives for more 

efficient management practices, and at the same time enables more equitable and 

justifiable paynlent system to be installed. 

5.5 CONCLUSIONS 

The mixture distribution analysis above demonstrates that the distributions of LOS 

for some DRGs do contain more than one component. It is useful for identifying the 

underlying distributions of LOS. It can confirm whether a DRG exhibits 

ho mogelleity or heterogeneity. Traditional regression analysis, coupled with 

transfonnation of LOS, assumes a homogeneous normal population. It is therefore 

not applicable for heterogeneous DRGs. For those DRGs with heterogeneity, 

additional classifications may be assigned to distinguish the second (and possibly 

third) component(s) from the first. In the discordancy test trimming approach, 
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outliers of LOS are discriminated from inliers. Consequently, factors affecting 

extremely long stayers cannot be determined effectively. Through Poisson mixture 

regression analysis, LOS can be better managed in view of the underlying factors 

identified for the components, whereas linear regression results which dictate the 

same sets of factors across inliers and outliers of LOS could be misleading. Funding 

formulae should also be adjusted according to the factors pertinent to specific health 

care institutions. This will benefit heath authorities in formulating appropriate policy 

for health care planning and initiating efficient Casemix payments. It also benefits 

hospital managers and clinicians to manage LOS effectively. 

Casemix funding as a macro intervention has been implemented in the public 

hospitals of the Northern Territory. The expected effect of Casemix funding on LOS 

is that it can reduce LOS without affecting quality of care. In order to understand 

whether the reduction of LOS will influence quality of care, an evaluation of the 

effects of Casernix funding on LOS and quality of care is presented in the next 

chapter. 
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Chapter 6 EVALUATION OF THE EFFECTS OF CASEMIX 
FUNDING 

In the last chapter, the importance of the underlying distribution of LOS and its link to 

health funding and health outcomes was discussed. It remains unknown whether the 

reduction of LOS will affect quality of care, which is the major concern of health 

authorities, hospital managers, clinicians and clients. Thus it is iiecessary to evaluate 

the effects of Casemix funding on LOS and quality of care. This will be explored in 

this chapter. 

6.1 BACKGROUND 

6.1.1 Historical perspective 

Governments throughout the world are continuously pursuing ways to improve the 

availability of funds for the national/state health systems including public hospitals. 

Their pursuit is driven by two motives: one is to reduce inequities and another is to 

reduce inefficiencies among hospitals and seek maximum returns for the health dollar. 

The Commonwealth Government's strategy has been to encourage States and 

Territories to develop equitable funding systems, and prepare for the introduction of a 

system of Casemix funding at both the State and Commonwealth levels 

(Commonwealth Department of Health and Family Services, 1996). Under the 

Medicare Agreement (1993/1998), the States/Territories and the Commonwealth 

Governments are committed to working on such a project to establish a nationally 

consistent Casernix-hased management and information system that could serve as the 

foundation for alternative hospital based funding (Eagar and Hindle, 1994a and 

1994h; Commonwealth Department of Health and Family Services, 1996). 



In March 1995, the department executive of the Territory Health Services approved 

the staged development and implementation of an output (Casemix) based funding 

model for the public hospitals of the Northern Territory (NT): (1) from March to July 

1995, develop a basic model; (2) from June to July 1996, run model parallel to current 

fmancial appropriation, and refme model based on evaluation; and (3) from the first of 

July, 1996, implement hospital funding model as a basis of funding of all five public 

hospitals in the Northern Territory (Territory Health Services, 1996 and 1997). 

The Northern Territory Casemix Funding Model consists of four components: (1) an 

activity payment based on an agreed price for pre-determined activity levels; (2) a 

fixed payment based on a negotiated price; (3) a transition payment based on the 

difference between a budget determined by historical fmancial data and a budget 

determined by the hospital funding model's activity payment and fixed payment; and 

(4) other components including special purpose payments, capital payments, cross 

border charging payments, cross border revenue bonus payments and other revenue 

bonus payments (Territory Health Services, 1996). 

For administration purposes, Territory Health Services was divided into two regions, 

Operations North and Operations Central. Under the Casemix-based funding system, 

hospitals were funded on the basis of guidelines established under the NT Hospitals 

Casemix-Based Funding Model. Regional directors and hospital managers negotiated 

performance agreements that specified the budget allocations, patient activity and 

output levels, quality of care targets, access to care targets and reporting, monitoring 

and auditing requirements (Territory Health Services, 1996; Casernix Development 

Program, Comiionwealth Department of Health and Family Services and South 

Australian Health Commission, 1997). 

The major strategies taken by the Territory Health Services in its implementation of 

Casemix funding are as follows (Health Solutions Pty Ltd., 1994; Beaver, 1995): 

Develop policy statements and strategic frameworks to reflect broader services 

strategies and resource allocation methodologies. 



• Review the existing hospital financial information system and associated feeder 

systems. 

• Review and modify hospital management infrastructures to allow the development 

of internal hospital budgets on an output basis. 

• Review the process involved in documenting and classifying the morbidity profiles 

of hospitals. Implement the modifications to information systems and work 

practices along with a marketing and education program for managers and 

hospital services staff. 

• Implement essential infrastructure to provide managers and clinicians with timely, 

accurate and valid information to assist with decision support, resource 

management, performance measurement and service planning. 

• Identify and implement initiatives to ensure the appropriateness and quality of 

care. 

After one year's implementation of Casemix funding, it is necessary to evaluate its 

effects on LOS and quality of care in the public hospitals of the Northern Territory in 

order to deterniine the effectiveness of this intervention and to understand whether the 

reduction of LOS has affected the quality of care. 

6.1.2 Prior evaluation 

In the literature, descriptive and qualitative evaluations of output-based funding 

approaches are widely used (Maddox and Gliddon, 1995; Jacobs et al., 1996; Bentes 

et al., 1996; Brandis, 1997). The major shortcoming of such evaluations is that they 

lack quantitative analysis of the changes occurring over a period of time. Time series 

analysis has been proposed in this study as an effective and efficient analysis tool for 

appropriate evaluation. It departs in many important respects from previous 

evaluations. First, the analysis used extended time series of monthly data before and 

after the notional and actual implementation of Casernix funding. The use of seasonal 

data rather than annual data increases the statistical power of identifying regulatory 

intervention effects. More importantly, the larger number of observations allows for 

dynamic modeling of the underlying time-series process. Since most time series 

encountered in health service research tend to exhibit considerable stochastic 
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behaviour (McCleary and Hay, 1980; Maddala, 1988), temporary drifts in the level of 

the time series coinciding with the onset of the regulation might initially be mistaken 

for intervention effects. However, more extended time-series analyses will identify 

them from raiidom drifts or random walks (Maddala, 1988). Prior evaluations did not 

pay sufficient attentions to this possibility in which an inappropriate assumption has 

been made that change in time-series values before the intervention will continue 

during the implementation period in the form of a linear trend. 

6.1.3 Evaluation measures 

There are at least four groups of measures used to evaluate the effect of Casemix 

funding. They are efficiency, output, quality of care and access. Due to the limitation 

on the availability of data, only the first three groups are analysed in this study. 

6.1.3.1 EJflcienc ly 

Average length of stay (ALOS) and Casemix index are adopted as measures of 

efficiency in this study. 

National Health Data Committee (1997) defines that LOS of a patient is calculated by 

subtracting the date the patient is admitted from the date of separation. All leave days, 
including the day the patient went on leave, are excluded from the calculation. A 

same-day patient is allocated a LOS of one day. Average LOS is defined as the total 

leiigth of stay for all admitted patients divided by the total number of patients. 

Casemix index (CI) represents the resource requirements and costliness for an average 

case in a hospital as compared to all hospitals in the system. It is a comprehensive 
indicator reflecting the average costliness per separation. The higher the Cl, the higher 
the average case reimbursemeiit is and the relatively lower the efficiency is. Number 

of saineday discharges (NSDs) and number of non-saineday discharges (NNSD5) by 

DRGs are counted separately. Sameday cost weights (SCWs) and non-sameday cost 

weights (NSCWs) are adopted separately for sameday and non-sameday patients. The 
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sameday cost weights are adopted for the sameday patients in this study since these 

patients consume much fewer resources than other patients. Therefore, the sameday 

patients should be given smaller weights than other patients. Australian national 

general cost weights are used to calculate CIs for non-teaching hospitals and national 

teaching cost weights for teaching hospitals (Commonwealth Department of Human 

Services and Health, 1995). A formula for calculating CT is constructed as follows, 

and it is a modification of the methods proposed by Bentes et al. (1993) and Steinum 

(1997). This is based on the theory of constructing the information theory Casemix 

index, which can he found in Evans and Walker (1972), Horn and Schumacher 

(1979), Tatchell (1977 and 1980), Schapper (1984) and Butler (1988 and 1995). 

Y.  (NSD1 * SCW1  + NNSDI * NSCW) 

CI= 

No. Separatiomis for DRG 

where the summation is for all DRGs. 

6.1.3.2 Output 

Two measures of output, number of bed-days and weighted separations, are used in 

this study. 

Number of bed-days is a product of ALOS and number of separations regardless of 

DRGs. This measure has been used in much research for evaluating the effects of 

Casemix funding (Health Solutions Pty Ltd., 1994; Lave, 1989; Jocobs em' al., 1996). 

It reflects the overall utilisation of hospital resources. 

Weighted separations are defined as the sum of numbers of separations multiplied by 

the cost weights for all DRGs. Australian national cost weights are used to calculate 

weighted separations for non-teaching hospitals and national teaching cost weights for 

teaching hospitals as in the calculation of CIs. Weighted separations instead of 

number of separations is adopted because it is more suitable to reflect the actual level 
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of output of a hospital by giving more weights in the estimation to the costly cases 
(Health Solutions Pty Ltd., 1994). 

6.1.3.3 Quality of care 

Quality of care is a concept with multi-dimensional nature and it can be used to reflect 
wide range of perspectives in terms of health services provided by a hospital. It has 
been recognised as a key standard and core perfonriance indicator of a hospital (Grant 
and Lapsley, 1992). There are several measures used to reflect the quality of care in 
hospitals. For example, re-admission rate, patient satisfaction and hospital acquired 
m±ection rate are common indicators used (DesHarnais et al., 1987; Cleary et al., 
1991; Hardy et al., 1994; Health Solutions Pty Ltd., 1994; Bernard et al., 1995). 
Others include mortality within 3 months of admission, and contact with doctors 
within 30 days of discharge (Roos and Shapiro, 1995). 

Re-admission rate is the most commonly used parameter for determining the quality 
of care (DesHarnais et al., 1987; Hardy et al., 1994; Health Solutions Pty Ltd., 1994). 
It is the ratio of the number of specific patients readmitted into the hospital within 7 
days (short tenn re-admission rate) or 28 days or longer (long tenn re-admission rate) 
of discharge to the total number of patients of this group during a period of time 
(study period, monthly, quarterly or yearly). In this study, re-admission rate is defined 
as the number of emergency patient re-admissions within 28 days of separations 
divided by total number of admissions excluding deaths during the periods calculated. 
This measure is objective and relatively reliable. A higher re-admission rate is assumed 
to imply poor quality of care. 

Patient satisfaction is another commonly used measure of quality of care. Many 
studies (Health Solutions Pty Ltd., 1994; Bernard et al., 1995; Casemix Development 
Program of Commonwealth Department of Health and Family Services and South 
Australian Health Commission, 1997) adopt a variety of questionnaires to measure the 
degree of patient satisfaction with the care provided. This kind of investigation can be 
used when patients are still in hospital (direct interview) or discharged from hospital 
(by means of mail or telephone interview). The contents usually include patients' 
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evaluation of services provided by doctors, nurses, or other staff in the hospital in 

terms of their altitude and information given, patients' expectations or self-rating life 

quality at hospital, and accessibility to services and reconciliation, etc. It requires 

resources (financial and personnel) to undertake. However, it can he explored for a 

wide range of aspects related to a patient's stay in hospital. 

Hospital acquired infection rate is another objective measure which is a ratio of 

number of hospital acquired infections to the total number of patients separated 

during a period of time (Chizzali Bonfadin et at., 1995; Grove et al., 1995). Due to 

the limitation of the availability of data, this measure is not used in this study. 

6.2 METHODS 

6.2.1 ARIMA models 

Time series analysis is concerned with data that coisist of time-ordered sequences of 

measurements. It has been adopted in many health services research studies (Muller, 

1993; Tandberg and QuaIls, 1994; Rutledge et al., 1996). As indicators used for the 

evaluation of Casemnix ftinding are all observed over times, it is suitable to apply time 

series analysis. 

AutoRegressive Integrated Moving Average (ARIMA) models are most commonly 

used in time series analysis (see, for example, Bowerman and O'Connell, 1987; 

Diggle, 1990). They combine as many as three types of process: autoregression (AR); 

differencing to strip off the integration (I) of the series; and moving averages (MA). A 

brief description of ARIMA model is presented in Appendix 6. 1. 

The auto correlatio n function (ACF) and partial autocorrelation function (PACF) are 

used to identify the processes underlying the series. The ACF gives the 

autocorrelations calculated at lags 1, 2, and so on; the PACF gives the correspoiding 

partial correlations, controlling for auto correlatio ns at intervening lags. Details on the 

interpretation of these two functions can he found in Bowerman and O'Connell 
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(1987, PP.  5 1-68) and Diggle (1990, PP.  34-39). For illustration purposes, only ACF 

and PACF plots for ALOS are displayed in the results section. 

6.2.2 Intervention analysis 

ARIMA models usually can he used to analyse the typical behavior of time series 

while intervention analysis concentrates instead on a disruption in the nonnal behavior 

of a series (see, for example, McCleary and Hay, 1980). Since Casernix funding can 

be considered as a macro intervention, it is most appropriate to adopt intervention 

analysis to reveal the effects of Casemix funding on LOS and quality of care. 

Both the ARIMA models and seasonal stepwise regression models with intervention 

dummy variables are used in the intervention analysis. Two dummy variables 

NOTION and IMPLEMEN are used to represent the timing of the intervention. The 

variable NOTION is assigned to check the potential effects during the notional period 

of Casemix funding (July 1995 to June 1996). The variable IMPLEMEN is used to 

determine the effects during the implementation period of Casemix funding (July 1996 

to June 1997). 

To identify whether or not there is a seasonal pattern in the series, 11 dummy 

variables (JAN to NOV) are created to determine the seasonal effects with December 

as a base level. To reveal the effects of trend in the series, a TREND variable is 

calculated by dividing observation number of the series by 12. 

Durbin - Watson d tests are performed to reveal whether there is an autocorrelation in 

the regression model established (see Gujarati, 1988, pp.  375-378). 

Only signifIcant factors are included in the final models and only autocorrelation 

identification for ALOS is displayed. 

The statistical package SPSS for Windows (release 6.1.3, SPSS Inc., 1988) is used 

for ARIMA modelling and seasonal regression analysis. 

F(sI 



As a consequence of the extra tunctions of teaching hospitals, there are additional 

costs associated with patient treatiiient that are not evident in non-teaching hospitals. 

Teaching status of a hospital is considered in Casemix funding models with additional 

funds paid to teaching hospitals (Health Solutions Pty Ltd., 1994; Commonwealth 

Health and Community Services, 1995; Casemix Development Program of 

Commonwealth Department of Health and Family Services and South Australian 

Health Commission, 1997). In the Hospital Budgeting Model Generation 2 of the 

Northern Territory (Territory Health Services, 1997), teaching grants have been 

allocated to both teaching hospitals for lost clinical (doctors/nurses) time whilst 

assisting students, thus ensuring patient care is not compromised by the teaching 

responsibilities of teaching hospitals. Studies (Busby et at., 1972; Schroeder and 

O'Leary, 1977; Martz and Ptakowski, 1978; Cameron, 1985) have found that patients 

in teaching hospitals may receive more ancillary services, such as laboratory tests and 

X-rays, because of the teaching function. Butler (1995) has also found that in 

Queensland public hospitals, teaching hospitals perform more surgery, discharge a 

higher proportion of their cases and transfer a lower proportion of their patients. Thus 

it is necessary to evaluate the effects of Casemix funding on these two types of 

hospitals separately. Five public hospitals in the Northern Territory are grouped into 

teaching hospitals (Royal Darwin Hospital and Alice Springs Hospital) and non-

teaching hospitals (Katherine Hospital, Teimant Creek Hospital and Gove District 

Hospital). The data for these two groups are analysed and contrasted. 

In the following sections, the changes of the evaluation measures from July 1991 to 

the end of June, 1997 for the five public hospitals of the Northern Territory are first 

analysed. The effects of Casemix funding on these measures are then evaluated. 

6.3 RESULTS 

6.3.1 Data 

The data conic from aggregated Hospital Morbidity Database for five hospitals in the 

Northern Territory. Data checking routines and error checking are carried out and the 
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data are corrected where errors occurred. The most common problems are (1) in the 

recording of LOS, the leave days are not subtracted and the LOS for the same day 

patients are recorded as 0 in some cases, and (2) there is a certain degree of 

inconsistancy in the coding of occurrences of diseases during observational periods, 

especially from the end of 1994 to the middle of 1995. As a conventional process, 

renal dialysis patients are removed from the calculation of ALOS since most of these 

patients are same day stayers. Inclusion of these patients in the calculation of ALOS 

will mask the actual overall level of ALOS. The data are available from July, 1991 to 

June, 1997 for teaching hospitals and from July, 1992 to June, 1997 for non-teaching 

hospitals. 

6.3.2 The effects of Caseniix funding on average length of stay 

Figure 6.1 shows the general trends of ALOS for teaching and non-teaching hospitals. 

It can he seen that there are declining but non-stationary tendencies in ALOS for 

teaching hospitals but more stable trends for non-teaching hospitals. It can be also 

seen that there is a general constant gap in ALOS between two hospital groups with 

ALOS of teaching hospitals being greater than that of non-teaching hospitals. 
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Figure 6.1 ALOS, July 1991 to June 1997, teaching and non-teaching hospitals 
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Figures 6.2 and 6.3 show the ACF and PACF plots of ALOS for teaching hospitals. It 

can he found that ALOS series is not stationary, that is, the ACF starts out with large 

positive values, which die out very slowly at increasing lags. Therefore, differencing 

of one lag has been taken to make the series stationary, which is a condition that an 

appropriate model can he identified in ARIMA iiiodeiling process. 
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Figure 6.2 ACF plot of ALOS, teaching hospitals 
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Figure 6.3 PACF plot of ALOS, teaching hospitals 
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Figures 6.4 and 6.5 give the ACF and PACF plots of ALOS with differencing of one 

lag. Considering the theoretical patterns of ACF and PACF, it is determined that 

ALOS series for teaching hospital follows ARIMA (0,1,1) processes without apparent 

seasonality patterns. 
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Figure 6.4 ACF plot of ALOS with differenciig of one lag, teaching hospitals 
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Figures 6.6 and 6.7 show the ACF and PACF plots of ALOS for non-teaching 

hospitals. The ALOS series is stationary relatively, following ARIMA (1,0,0) 

processes without apparent seasonality patterns. 
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Figure 6.6 ACF plot of ALOS, non-teaching hospitals 
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Table 6. 1 summarises the ARIMA models for both groups. It is found that for 

teaching hospitals, the effect of the notional period of Casernix funding on ALOS is 

significant statistically, while for non-teaching hospitals the effect of the 

implementation is significant. A trend of significant declining ALOS is also found for 

teaching hospitals. No seasonal effects have been identified in both groups. MA(1) 

and AR(l) processes are identified for teaching and non-teaching hospitals, 

respectively. This indicates that ALOS series of teaching and non-teaching hospitals 

follow different processes. Muller (1993) also used seasonal ARIMA models with 

intervention components to evaluate the effects of Medicare Prospective Payment 

reforms on hospital utilization. Only MA(l) and MA(2) processes were fitted for 

patients older and younger than 65 years of age over, respectively. 

Table 6.1 ARIMA models for ALOS, teaching and non-teaching hospitals 

Variable Coefficient SE T ratio 

Teaching 

MA1 Cal 0.6423 0.0782 8.2136** 

NOTION -0.5456 0.2632 2.0729* 
TREND -0.4116 0.0458 8.9936** 

Non-teaching 

AR1 0.0336 0.1783 0.1885 
IMPLEMEN -0.3080 0.1397 2.2047* 

* P<0.05; P<0.01;4  log likelihood = -22.4249; 44  log likelihood = -7.0136; 
with differencing of I lag. 

The seasonal stepwise regression results for both teaching and non-teaching hospitals 

are tabulated in Table 6.2. It can be seen that (1) similar fmdings to ARIMA models 

regarding the effects of the notional period and the implementation on ALOS are 

found; (2) there is a significant trend of decline in ALOS for both groups; and (3) 

some months (November for teaching hospitals and February for non-teaching 

hospitals) have statistically significant higher or lower ALOS compared to the 

respective December figures. 
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Table 6.2 Seasonal stepwise regression results for ALOS, teaching and non-teaching hospitals 

Variable Coefficient SE T ratio 

Teaching 

(Constant) 6.3099 0.1024 61.598** 
TREND -0.3808 0.0425 8.956** 
NOTION -0.6062 0.1562 3.881** 
NOV -0.4145 0.1538 2.695** 

Non-teaching 

(Constant) 4.4374 0.0975 45.5 13 
TREND -0.1086 0.0467 2.328* 
IMPLEMEN -0.2943 0.1457 2.020* 
FEB 0.3343 0. 1450 2.305* 

* P<0.05; ** P<0.01; # adjusted R square =0.6406, F value for the model = 40.3925 (P=0.0000) 
adjusted R square = 0.4435, F value for the model = 13.2845 (P=0.0000). 

Based upon residual analyses of the seasonal regression models, it has been found that 

Duhin-Watson d is 1.9577 for teaching hospitals (sample size n = 72) and 1.6483 for 

non-teaching hospitals (n = 60), indicating no autocorrelation for the teaching hospital 

model, but no conclusion can he reached for non-teaching hospitals. However, from 

Figure 6.8, there are no apparent autocorrelated residuals, and no apparent 

systematic pattern is identified for non-teaching hospitals. 
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Figure 6.8 ACF plot of regression residuals for ALOS, non-teaching hospitals 

113 



6.3.3 The effects of Casemix funding on weighted separations 

Figure 6.9 shows the general trends of weighted separations for teaching and non-

teaching hospitals. There are increasing but non-stationary tendencies for teaching 

and non-teaching hospitals. 
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Figure 6.9 Weighted separations, July 1991 to June 1997, teaching and 

non-teaching hospitals 

ARIMA (1,1,0) and (1,0,0) models without apparent seasonality patterns are 

identified for teaching and non-teaching hospitals, respectively. 

Table 6.3 lists the ARIMA models for both groups. The notional period of Casernix 

funding has a positive effect on weighted separations for both hospital groups. There 

are also significant increasing trends in this indicator for both groups. 

For the seasonal stepwise regression models (see Table 6.4), the effect of the 

implementation of Casemix funding on this indicator is found to be significant for 

teaching hospitals, decreasing the weighted separations. 



Table 6.3 ARIMA models for weighted separations, teaching and non-teaching hospitals 

Variable Coefficient SE T ratio 
Teaching  ft  

AR 1 
MAR 
NOTION 
NOV 
TREND 

0.7642 0.0853 
411.0902 119.2959 
942.3344 192.7978 
193.1955 79.0033 
543.7257 71.0382 

8.9567 * * 
3.4460** 
4.8877** 
2. 4454* 
7.6540** 

Non-teaching 

ARl 0.3485 0.1573 2.2161* 
APR 64.7180 26.9100 2.4050* 
AUG 62.1615 28.4329 2.1863* 
JUN 58.7122 27.3160 2.1494* 
MAR 106.62 15 26.5085 4.0222** 
MAY 93.4147 27.1326 3.4429** 
NOTION 61.2095 29.8983 2.0473* 
TREND 30.0443 13.5800 2.2124* 

* P<0.05; ' P<0.01; log likelihood = -469.3948; log likelihood = -265.0591; 
with differencing of I lag. 

Table 6.4 Seasonal stepwise regression results for weighted separations, teaching and non- 
teaching hospitals 

Variable Coefficient SE T ratio 

Teaching 

(Constant) 1541.5797 70.0142 22.018** 
TREND 538.1966 29.7393 18.097** 
IMPLEMEN -473.8632 102.7866 4.610** 
NOTION 666.4081 107.6015 6.193** 
MAR 302.2281 102.9874 2.935** 

Non-teaching 

(Constant) 631.8618 12.6616 49904** 
NOTION 102.1711 15.2704 6.691** 
MAR 73.5526 25.0337 2.938** 
MAY 71.0526 25.0337 2.838** 

* P<0.05; ** P<0.01; adjusted R square = 0.87 12, F value for the model = 121.08789 (P=0.0000); 
adjusted R square = 0.57 15, F value for the model = 18.3369 (P=0.0000). 
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6.3.4 The effects of Casemix funding on number of bed-days 

Figure 6. 10 illustrates the general trends of the number of bed-days for teaching and 

non-teaching hospitals. There are increasing but 11011-stationary teildencies in the 

number of bed-days for both hospital groups. 
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Figure 6.10 Number of bed-days, July 1991 to June 1997, teaching and 

non-teaching hospitals 

ARIMA (1, 1,0) and (1 ,0,0) models without apparent seasonality patterns are 

identified for teaching and non-teaching hospitals, respectively. 

Table 6.5 lists the ARIMA models for both groups. The effect of the implementation 

of Casemix funding on the number of bed-days is statistically significant for both 

groups, decreasing the number of bed-days. Muller (1993) also found the similar 

processes in the seasonal ARIMA models with number of bed-day as a dependent 

variable. There is a general trend of significant increase in number of bed-days for 

teaching hospitals. 
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Table 6.5 ARIMA models for number of bed-days, teaching and non-teaching hospitals 

Variable Coefficient SE T ratio 
Teaching 

AR1@ 0.4146 0.1225 3.3836** 
IMPLEMEN -1794.7931 845.9604 2.1216* 
MAR 1772.099 1 787.4389 2.2504* 
TREND 1708.4647 266.8701 6.4018** 

Non-teaching 

AR1 0.3057 0.1708 1.7899 
APR 367.4394 171.7903 2.1389* 

IMPLEMEN -356.8296 159.6126 2.2356* 
MAR 555.4442 169.9118 3.2690** 

* P<0.05; ** P<0.01; log likelihood = -609.5784; log likelihood = -365.7946; 
' with differencing of I lag. 

The seasonal stepwise regressions show that the notional period has a negative effect 

on the indicator for teaching hospitals but a positive effect for non-teachiig hospitals. 

Table 6.6 Seasonal stepwise regression results for number of bed-days, teaching and non-
teaching hospitals 

Variable Coefficient SE T-ratio 

Teaching 

(Constant) 10461.8034 404.1453 25.886** 
TREND 1829.6713 171.6652 10.658** 
IMPLEMEN -2217.3413 593.3189 3737** 

NOTION -1956.7205 621.1118 3.150** 
MAR 1427.9011 594.4779 2.402* 

Non-teaching 

(Constant) 2717.4361 49.2183 55.212** 
IMPLEMEN -328.9175 106.5851 3.086** 
NOTION 342.2606 89.1989 3.837** 
MAR 329.6441 122.6206 2.688** 

* P<U.05; ** P<0.01; adjusted R square =0.7033, F value for the model = 43.0722 (P=0.0000); 
adjusted R square = 0.2696, F value for the model = 7.5 193 (P=0.0003). 
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6.3.5 The effects of Casemix funding on re-admission rates 

The general trends of re-admission rates for teaching and non-teaching hospitals are 

shown in Figure 6.11. It can be seen that there are similar declining but non-stationary 

tendencies for teaching and non-teaching hospitals. The rates are usually higher for 

non-teaching hospitals than those for teaching hospitals. 
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Figure 6.11 Re-admission rates, September 1991 to June 1997, teaching and 
non-teaching hospitals 

ARIMA (1,1,0) models without apparent seasonality patterns are identified for 

teaching and non-teaching hospitals, respectively. Table 6.7 lists the ARIMA models 

for both groups. Neither the notional nor actual implementation has an impact on re-

admission rates for both hospital groups. 

The seasonal stepwise regression results for both hospital groups are presented in 

Table 6.8. The effect of the notional period on re-admission rates is significant for 

teaching hospitals (decreasing the indicator), and there is a trend of decline for non-

teaching hospitals. 
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Table 6.7 ARIMA models for re-admission rates, teaching and non-teaching hospitals 

Variable Coefficient SE T ratio 
Teaching 

ARl -0.2364 0.1296 -1.8241 
FEB -0.8401 0.3438 2.4436* 
JUN -1.0813 0.4579 2.3614* 

Non-teaching 

AR1@ 0.1839 0.1479 1.2432 
APR -0.5418 0.2699 2.0074* 

* P<0.05; '' P<0.01; log likelihood = -66.9641; log likelihood = -81.6982 
(91 with differencing of 1 lag. 

Table 6.8 Seasonal stepwise regression results for re-admission rates, teaching and non-
teaching hospitals 

Variable Coefficient SE T ratio 

Teaching # 

(Constant) 6.4817 0.1263 51 335** 
NOTION -1.2158 0.2187 .5559** 

Non-teaching ## 

(Constant) 7.7928 0.3543 21.996** 
TREND -0.3109 0.0926 3.356** 

* P<0.05; P<0.0I; # adjusted R square = 0.2964, F value f or the model = 30.9044 (P=0.0000); 
## adjusted R square = 0. 1481, F value for the model = 11.2602 (P=0.0014). 

6.3.6 The effects of Casernix funding on Caseniix index 

The changes of Cl for both groups are iliustrated in Figure 6.12. It can be seen that 

there are non-stationary tendencies in Cl for both hospital groups. The Cl levels of 

teaching and non-teaching hospitals are similar, except between the period October, 

1994 and April, 1995. 
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Figure 6.12 Casernix index, July 1991 to June 1997, teaching and 
non-teaching hospitals 

ARIMA (1,0,0) models without apparent seasonality patterns are fitted for both 

hospital groups. Table 6.9 lists the ARIMA models for both groups. No apparent 

effects of Casemix funding are evident. 

Table 6.9 ARIMA (1,0,0) models for Cl. teaching and non-teaching hospitals 

Variable Coefficient SE T ratio 
Teaching # 

AR1 -0.2084 0.1312 -1.5887 
MAY 0.0528 0.0228 2.3099* 
TREND 0.0127 0.0042 3.0431** 

Non-teaching ## 

AR1 0.1839 0.1479 1.2432 
APR -0.5418 0.2699 2.0074* 

* P<0.05; ** P<0.01; log likelihood = -140.1835; log likelihood = -142.2251. 
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The seasonal stepwise regression results for both teaching and non-teaching hospitals 

are shown in Table 6. 10. A decreasing trend and positive effects of the iotional and 

actual implementation of Casemix funding are found for non-teaching hospitals. 

Table 6.10 Seasonal stepwise regression results for Cl, teaching and non-teaching hospitals 

Variable Coefficient SE T ratio 

Teaching 

(Constant) 0.3551 0.0090 39.252** 
TREND 0.0056 0.0026 2.176* 
MAY 0.0413 0.0162 2.558* 

Non-teaching 

(Constant) 0.4144 0.0132 31.468** 
TREND -0.0262 0.0049 5.408** 
IMPLEMEN 0.0726 0.0117 6.203** 
NOTION 0.0385 0.0130 2.957** 
NOV 0.0296 0.0122 2.425* 

* P<0.05; ** P<0.01; adjusted R square = 0.1241, F value for the model = 6.0276 (P=0.0039); 
adjusted R square = 0.4751, F value for the model = 14.348 (P=0.0000). 

6.4 DISCUSSION 

The mtroduction of Caseinix fuiiding has stimulated the debates among health 

authorities, hospital managers, clinicians and others. Its roles in rewarding and 

promoting cost efficiency of health services and supporting standards of clinical 

effectiveness through centralised and in-house quality assuraiice and utiiiasation 

review programs are controversial (Hanson and O'Dea, 1994; Nelson, 1994; Hickie, 

1994; Pilia, 1994; Phillips, 1994; Stoelwinder, 1994; Duggaii, 1994; McCaughan and 

Picone, 1994; Phelan, 1994). Casemix funding may he expected to lead to shorter 

length of stay, earlier discharges, more same day surgery, and lower per case cost 

(perhaps offset by higher admission rates) (Scotton & Owens, 1990). Its influences on 

the efficiency, output and quality of care in the public hospitals of Northern Territory 

and its implications are discussed below. In undertaking this evaluation, it is clearly 
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apparent that the direct impact of Casernix funding on the health system is not easy to 

discern. The reason for this relate to (1) the need to differentiate pre-existing 

problems from the perceived effects of Casemix funding; (2) difficulties in assessing 

the influence of other factors, such as budget cuts, operating in the health system at 

the time; and (3) that quantifiable objectives were not set before the implementation 

of the funding model on which to benchmark specific changes. The study adopted the 

information available to reveal the possible effects of Casemix funding. It should be 

emphasised that during the observed period, the available beds and staffing levels for 

teaching and non-teaching hospitals generally remain unchanged (see Figure 6.13 and 

6.14). The annual population growth rates remain around 3% in the Northern 

Territory during the observed period. 
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Figure 6.13 Niunber of available beds, 1993/94 to 1996/97, teaching and 
non-teaching hospitals 
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Figure 6.14 Nt.unber of full time equivalent staff, March 1993 to June 1997, teaching 
and non-teaching hospitals 

6.4.1 Efficiency 

ALOS and Casemix index are two measures that can he used to reflect a hospital's 

efficiency and performance. Casernix index especially can reveal the costliness of an 

average case of a hospital. 

The expected impact of Casemix funding on LOS is reduction in LOS through better 

scheduling of tests, discharge planning and review of need for hospitalisation. In the 

Medicare Prospective Payment System of the U.S., for example, researchers found 

the short term impacts were that ALOS for all hospital inpatients decreased by 8.45% 

p.a. after the introduction of Casemix funding (ProPAC, 1987), and 8.35% p.a. (US 

DHHS, 1989) compared to a fail of 2.9 % p.a. in 1983. 

In this study, decreasing trends in ALOS are found for both teaching and non-

teaching hospitals. It is also interesting to find that there is a significant effect on 

ALOS during the notional introduction of Casernix funding (July 1995 to June 1996) 

for teaching hospitals, while for non-teaching hospitals the significant effect was 

obtained after the actual implementation (during July 1996 to June 1997). Table 6. 11 

shows the percentages of reduction in ALOS during these periods. 
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Table 6.11 The percentage changes during the notional and actual implementation of Casemix 

funding, teaching and non-teaching hospitals 

Percentage of 

Teaching Period ALOS (days) decline in 

status ALOS (%) 
July, 1994 - June, 1995 5.301 

Teaching July, 1995 - June, 1996 (Notional) 5.059 -4.544 

July, 1996 - June, 1996 (Implementation) 4.863 -3.871 

July, 1994- June, 1995 4.140 

Non-teaching July, 1995 - June, 1996 (Notional) 4.103 -0.886 

July, 1996 - June, 1996 (Implementation) 3.733 -9.037 

In South Australia, the decline in ALOS during the implementation of the Casemix 

funding period (1994-95) was signifiant due to an increase in sameday patients and 

reduction inn ALOS amongst overnight patients compared to the previous two years 

(Casemix Development Program. et  al., 1997). A similar phenomenon has been found 

in Victoria (Health Solutions Pty Ltd., 1994) and in other studies (Maddox and 

Gliddon, 1995; Bentes et al., 1996), although some researchers (Jacobs et al., 1996) 

found there was no change in ALOS after Casernix funding. 

The modified Casernix index, reflecting the costly efficiency of a hospital, was 

influenced by the implementation of Casemix funding for non-teaching hospitals but 

not for teaching hospitals (see Table 6.9 and 6.10). This reveals the increase in 

costliness in small hospitals due to higher fixed costs and potential vulnerability to 

annul variations in workload compared with large hospitals, which agrees with the 

findings in South Australia (Casernix Development Program. et  al., 1997). 

6.4.2 Output 

The weighted separations and number of bed-days reflect a hospital's output and 

resource utilisation level. 
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In this study, the notional period of Casemix funding has been found to have effects in 

increasing total Casemix weighted separations for both teaching and non-teaching 

hospitals, while the actual implementation decreases this indicator for teaching 

hospitals (see Table 6.3 and 6.4) 

The notional and actual implementation of Casemix funding has decreased the total 

number of bed-days for teaching hospitals, while for non-teaching hospitals an 

increase in the notional period and a decrease in the implementation period in the total 

number of bed-days, can be observed (see Table 6.5 and 6.6). 

In Victoria, hlpatients treated have been found to increase and bed-days to decrease in 

the first year of the implementation (Health Solutions Pty Ltd., 1994), while in South 

Australia, increases in total separations and total Casemix weighted separations have 

been found since the implementation (Casemix Development Program, et al., 1997). 

Maddox and Gliddon (1995) found in a comparison of pre- and post-Casemix years 

that output increased 16% in terms of admissions after the implementation of Casemix 

funding. 

The different responses of teaching and non-teaching hospitals to the notional and 

actual implementation of Casemix funding in terms of efficiency and output measures 

may relate to the differences in access to the relevant information on Casemix and in 

their expectations about Casemix funding. This type of "psychological" and 

expectation effects on hospital managers and clinicians need to he studies further. 

6.4.3 Quality of care 

Re-admission rate is one of the important measures in determining the quality of 

health services of a hospital. 

The notional period has been found to have some effect in decreasing re-admission 

rates in teaching hospitals but not in non-teaching hospitals. No apparent influences of 
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the implementation  on this measure have been observed for both teaching and non-

teaching hospitals (see Table 6.7 and 6.8). Harber (1997) has conducted a series of 

patient satisfaction surveys at the Royal Darwin Hospital, Northern Territory, one of 

the five public hospitals of this study in which no significant changes during the 

notional and actual implementation of Casemix funding on patient satisfaction have 

been found. 

In the PPS systems of the U.S., reduced quality in terms of premature discharges 

leading to higher re-admission rates was expected. However, researchers found there 

is no systematic evidence of decline in quality so measured, and re-admission rates 

have not been changed substantially from pre PPS since the implementation of PPS 

(DesHarnais et LII., 1987 and 1988; Prospective Payment Assessment Commission, 

1989; Lave, 1989) although MolTisey et aI. (1988) found that Medicare patients were 

transferred sooner and in higher state of dependency. 

Similar results are found in Victoria and South Australia where the quality of in-

hospital care largely remained the same on a system wide basis during the year that 

Casernix funding was introduced (Owens, 1993; Health Solutions Pty Ltd., 1994; 

Casemix Development Program, et al., 1997). However, Duggan (1994) found that 

although re-admission rates were unaltered since the implementation of Casemix 

funding in Victoria, there was some evidence of an increase in discharge of patients in 

an unstable state and more were transferred to nursing homes. 

It should be emphasised that due to the availability of data, only one quality of care 

measure - re-admission rate is analysed in this study. A more intensive evaluation on 

other measures such as patient satisfaction and hospital acquired infection rate is 

warranted once further data become available. A comprehensive measure of quality of 

care - patient satisfaction should be investigated routinely in the hosptials. 

6.4.4 Implementation of Casemix funding in the Northern Territory 

Like other states, the Northern Territory has a number of small remote facilities for 

which Casemix funding in its current state of development may not be entirely suited. 
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This relates primarily to the fact that their fixed costs are high relative to their patient 

utilisation. These hospitals may be unable to achieve the efficiencies on which the 

benchmark price of the Casemix funding model is based. 

Another specific issue in the Northern Territory is that there is a large proportion of 

Aboriginal patients. The changes of performance indicators between Aboriginal and 

non-Aboriginal patients are quite different (results are not shown here). As Beaver et 

al. (1997) pointed out, Aboriginal people represented 39% of the total number of 

hospitalizations although they comprise only 27% of the Territory population. In the 

funding formula, this aspect should be taken into account. 

Due to the limitations of the data, only short terni effects of Casemix funding have 

been observed in this study. There is a need to monitor the changes in performance 

measures. Studies in the U.S. (Departmeiit of Health and Human Services, 1987 and 

1989; Guterman et al., 1988; Muller, 1993) showed that the reimbursement reforms 

in the U.S. Medicare PPS had reduced hospital admissions, ALOS and number of 

bed-days in the early stage of the implementation but significant readjustments 

occurred for all three measurements two years later. The Medicare reimbursement 

reforms appeared to remain effective in reducing hospital utilisation, but at a reduced 

rate. Whether the effects of casemix funding will remain effective and constant, and 

how they will effect ALOS and other indicators in the coming years warrant further 

investigation. 

The anticipated reduction in hospital LOS was expected to be partly achieved by 

greater use of outpatient "aftercare" services such as home health, rehabilitation, etc. 

(Guterman and Dobson, 1986; U.S. Department of Health & Human Services, 1987 

and 1989). Zhao et al. (1998) has addressed the needs for continuity of care and 

community services in the health care provision in the Northern Territory. This aspect 

of research could be undertakeii once outpatient data become available. 
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6.5 CONCLUSIONS 

In this study, some evidence of the influence of Casemix funding on ALOS and other 

hospital performance measurements since the implementation, has been identified. The 

cyclical behavior of hospital utilisation has not been fbund as in Jensen and Kronick 

(1984). There are significant tendencies of declining ALOS and number of bed-days, 

and increasing weighted separations for teaching and non-teaching hospitals, and 

increasing costliness in terms of Casemix index for non-teaching hospitals. No 

apparelit evidence of decline in quality of care has been found in terms of re-admission 

rates. The long term effects of Casemix funding, specific issues in terms of the funding 

model used in the Northern TelTitory, patielits and cost shifting between hospital 

services and cornnrnnity health services, need to be studied further. 

In the next chapter, a summary of major conclusions and the main implications of this 

thesis are presented. Further research topics are summarised. 
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Appendix 6.1 ARIMA Model 

Between two observations in a series, a disturbance occurs that somehow affects the 

level of the series. These disturbances can be mathematically described by ARIMA 

models. Each of the three types of process has its own characteristic way of 

responding to a random disturbance (see, for example, Bowennan and O'Connell, 

1987 for details). 

The most general ARIMA model involves all three processes. Each is represented by 

a small integer. The general model, neglecting seasonality, is written as ARIMA (p, d, 

q), where p is the order of autoregression, d the degree of differencing, and q the 

order of moving average involved. 

The general time series model, including intervention components, is presented in the 

following equation: 

(1_B)y=wi I j +Oq (B)O Q (BL)/cI P (B)D p(BL)* cll  

Where Y, is original time series, (I-B) mathematical back-shift operator differencing 

the time series once at lag 1, Wj set of changes in level of time series associated with 

intervention set i, I i  set of dummy variable pulses coded 1 for intervention period I 

and 0 elsewhere, Oq(B) noilseasonal moving average operator of order q(l-OJB-.. 

eq),  eq(BL) seasonal moving average operator of order Q(1-01LB- ... 

p(B) nonseasonal autoregressive operator of order p(1- i B- ... -pB'5, L lagged n 

period, p(BL)  seasonal autoregressive operator of order P(l-J,LB- 1flFL) and 

at residuals. 

Suppose that {Z,} is a purely random process (disturbance) with mean zero and 

variance o. Then a time series process {X1} is said to he an autoregressive process of 

order p if 
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X=a1 +a, X1 , +Z 

where X, is regressed not on independent variables but on its past values, and a 's 

indicate how strongly each value depends on its past values. 

For a moving average process, the time series takes the fonii 

X = 1 + /3  1 Z 1  + + 13q Ztq  + Z1  

where u is the mean of the series, and 0 's are weights of the effects of each past 

disturbances on the current value. 
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Chapter 7 CONCLUSIONS 

This thesis has explored the possibility and feasibility of shortening length of stay in 

the public hospitals of the Northern Territory. 

It has been found that there are general trends of decline in LOS in Australia and other 

countries or regions, not just specific to the public hospitals of the Northern Territory. 

In the literature, factors influencing LOS can be summarised under four major 

categories. They are Health financing, health policy, clinical technology and clinical 

practice, and patient characteristics. These four groups of factors interacted at 

national, state and local levels. It is necessary to consider such factors and their 

interactions when modelling LOS. 

In order to examine which of the factors influencing LOS are specific to the public 

hospitals in the Northern Territory, a Delphi evaluation (qualitative study) was carried 

out. Twenty seven representative hospital managers and medical officers in the Darwin 

area were interviewed to find out what they thought would be the most important factors 

that influenced the leiigth of inpatient stay in the hospital at Darwin. A wide range of 

suggestions were made and feedback reviewed. In all, 58 factors were considered. Of 

those, six most important factors influencing LOS were identified through statistical 

analysis. They were severity of ilhiess, number of complications, number of 

comorbidities, efficacy of treatment, use of day case surgery, and availability of 

nursing homes. It was found that severer illness and more complications and 

comorbidities would lead to significant longer stays. The promotion of efficacy of 

treatment and use of day case surgery, and an increase in availability of nursing homes 

would be three key measures in shorteniiig LOS. Other sigiiificant factors such as 

Aboriginality, clarity of diagnosis, quality of nursing, organisation of discharge, 

preoperative investigation in outpatients, timing of treatment or procedure, scheduling 

of theatre, community service cooperation, availability of self-care facilities and 

interpreters, and shortage of surgical and nursing staff were also relevant in 

fonnulating measures to shorten LOS. 
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In order to examine the appropriateness of the models which link LOS and its influencing 

factors, two quantitative modelling approaches (holistic approach and mixture distribution 

analysis approach) were explored with applications to two groups of obstetrical DRGs. 

In the holistic approach, the distributional characteristics of LOS were analysed to 

identify the underlying distributioii. A statistical discordancy test specific for the 

assumed distribution was then applied to determine the trim points (HTP and LTP) 

separating iiiliers from outliers. Appropriate regression models involving influencing 

factors were next fitted to the trimmed and non-trimmed data separately. Finally, this 

has an advantage of prescribing suitable measures to reduce LOS. 

The mixture distribution analysis provided an alternative framework to link Casemix 

funding with relevant factors influencing LOS. It was found that the mixture 

distribution analysis could confiriii the homogeneity of certain DRGs. It could also 

reveal the heterogeneous patterlis of other DRGs. For those DRGs exhibiting 

heterogeneity in LOS, related soclo-economic factors influencing LOS were compared 

and contrasted between components by Poisson mixture regressions. The Poisson 

mixture regression model could give useful insights for state health institutions to 

initiate efficient Casemix payments. It could also help hospital managers and clinicians 

to manage LOS effectively. Measures to shorten LOS may he taken in view of the 

mixture regression results. The limitation of the mixture distribution approach is that 

LOS has been treated as a discrete variable. An alternative way is to model LOS by a 

gamma mixture distribution and to analyse LOS and its influencing factors via gamma 

mixture regression. This poses another direction for further research. 

In investigating whether macro economic interventions (Casernix funding) have 

induced the apparent decline in LOS, and whether the quality of care has been 

simultaneously affected, an evaluation of Casemix funding on LOS and quality of care 

has been made in Chapter Six. The implementation of Caseinix funding by the 

Territory Health Services may he regarded as a major intervention in controlling LOS. 

Time series analysis and intervention analysis were used as effective tools for the 

evaluation. Data from the five public hospitals of the Northern Territory were 

analysed. Some evidence of the influence of Caseinix funding on LOS and quality of 
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care measures since the implementation was identified. There were significant 

tendencies of declining ALOS and number of bed-days, and increasing weighted 

separations for teaching and non-teaching hospitals, and increasing costliness in terms 

of Caseinix index for non-teaching hospitals. No apparent evidence of decline in 

quality of care was found in terms of re-admission rates. These suggest that Casemix 

funding is an effective strategy in promoting efficiency and quality of care. 

The long teun effects of Casemix funding as an intervention for shortening LOS 

warraiit continuous investigations once further data become available. Other further 

research topics include patient and cost shifting between hospital services and 

community health services after shortening LOS. 

In conclusion, it is possible and feasible to shorten LOS in the public hospitals of the 

Northern Territory by doing the followings 

The health authority should (1) adjust its funding formula based on the proposed 

approaches to provide more equitable funds to the hospitals. The holistic approach 

can he used first to assist the health authority in deterniming trim points and factors 

influencing ALOS for outliers and inliers. The mixture distribution analysis can then be 

adopted when the methodological and algorithmic difficulties are solved and 

computing software is widely available. (2) Allocate more funds to community health 

services (such as nursing homes) to reduce the impact of a potential increase in re-

admission rates and the unstable status of patients, as a consequence of the downward 

trend in LOS. And (3) pay attention to strategic plan and funding of health services 

for Aboriginal communities and patients. Ahoriginality has been identified as a 

significant factor influencing LOS in the study. Specific cost weights for Aboriginal 

patients should he developed and implemented incorporated in the Casemix funding 

formula. 

Hospital managers and clinicians should manage LOS efficiently and effectively based 

upon the approaches proposed in this thesis. Pertinent factors and measures identified 

via the holistic approach and mixture distribution analysis can he adopted in the 

analysis of factors influencing LOS and in the management of LOS in the routine 

133 



management and clinical works. There is a need to increase and upgrade post-

discharge facilities to allow patients a period of stabilisation so as to decrease re-

admissions. Hospitals should improve their investments on self-care facilities, and fmd 

out which groups of patients need such facilities. Management should attempt to 

improve the efficacy of treatment by contrasting LOS of treating medical officers 

within the same department based upon DRGs. Hospital managers should identify why 

some medical officers allow patients to stay significantly longer than others, and set 

practice standards and initiate financial incentives to assist the management of LOS. 

One way of decreasing LOS is to promote day-case surgery to shorten surgical LOS. 

Day-case surgery facilities should he increased and upgraded. Another is to improve 

the orgallisation of discharge by promoting early discharge planning and arrangement 

of post discharge accommodation or transportation. These aspects can only be 

achieved through rehiforcing the quality of data collection and analysis to ensure the 

appropriate and efficient utifisation of Casemix data. Provision of prompt and accurate 

data in assisting hospital management and patient services should he also enhanced. 
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