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Abstract 

Primary care is an integral part of any health system as it is often the first point of contact for 

patients seeking care. Achieving timely access to primary care services for those who need care 

has become a central challenge for health systems around the world. Delays in receiving primary 

care result not only in risk of deterioration of patients’ health but also an increase in hospital or 

emergency department use for primary care services. Through three studies (Chapters 2 – 4) this 

thesis aims to develop a better understanding of how changes in supply capacity affect waiting 

times in primary care. The research uses data from the Medicine in Australia: Balancing 

Employment and Life (MABEL) longitudinal survey of Australian doctors and the Australian 

Medical Publishing Company (AMP-Co.) Medical Directory of Australia (MDA).  

Declining working hours of GPs in many countries is a crucial factor influencing access to 

healthcare. Chapter 2 investigates the effect of changes in hours worked by general practitioners 

(GPs) on waiting times in primary care. It estimates GP fixed effects models for waiting time and 

use family circumstances to instrument for GP’s hours worked. The study finds that a 10% 

reduction in hours worked increases patient waiting time by 12%. The findings highlight the 

importance of GPs’ labour supply at intensive margin in determining waiting times.  

Many OECD countries have been implementing policy measures to encourage team-based 

primary care, particularly promoting the role of nurses with the hope of shifting care from GPs to 

practice nurses. Chapter 3 evaluates the effect of a capitation-based incentive program in 

Australia that encourages general practices to employ nurses, on access to GP services. It uses 

longitudinal data and estimates a variety of panel data models. The study finds no robust 

evidence that providing nursing incentives lead to improved access to GP services in terms of 

lower waiting times.   

Chapter 4 investigates whether financial incentives aimed at improving recruitment and 

retention of physicians in rural and remote areas influence access to physician services in these 

areas. In 2010, the General Practice Rural Incentive Program (GPRIP) was introduced in Australia, 

causing an exogenous change in the eligibility for rural incentives for some geographical areas 

that resulted in income-shocks for GPs in these areas. Using difference-in-difference 
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methodology, we find that, on average, GP practices in areas that became newly eligible for rural 

incentives experienced a reduction of 16% in the mean waiting time for new patients. To explore 

the mechanisms driving these changes in waiting times, we examine the changes in the labour 

supply of GPs at the intensive margin – hours worked, and the extensive margin – number of GPs 

in the practice. We find that, on average, relative to never eligible areas (i.e. metropolitan areas), 

the number of GPs in practices in newly eligible areas increased post-2010. We find no evidence 

of a decline in the number of GPs in always eligible areas (most remote areas). The findings 

suggest that providing financial incentives do play an essential role in at least maintaining the 

number of GPs in underserved areas and ensuring no decline in access to GP services. Our 

findings suggest caution with policies to reduce or remove rural incentives as that may adversely 

affect access in these underserved areas. 

This thesis addresses an important gap in the understanding of waiting times in primary care by 

providing the first empirical evidence of the relationship between supply side factors and waiting 

times for GP services. It shows that supply side factors, particularly the labour supply of GPs, are 

important factors influencing access to primary care services. With growing population, if the 

government wants to maintain or improve access to primary care services then it must ensure 

adequate supply of GPs. Financial incentives alone might not be enough to influence labour 

supply decisions of GPs significantly and improve access for all patients. Complex drivers 

influence the labour supply and location decisions of doctors that are related not only to 

monetary but also personal, professional and educational factors. Therefore, multifaced policy 

responses might be required. Further, incentive programs to encourage team-based model of 

primary care through promoting the role of nurses in general practices need to be appropriately 

integrated and implemented to ensure any positive impact on access to GP services.  
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1 INTRODUCTION  

Primary care is an integral part of any health system as it is often the first point of contact for 

patients seeking care (Starfield, Shi, & Macinko, 2005). Achieving timely access to primary care 

services for those who need care has become a central challenge for health systems around the 

world (Sarma, Thind, & Chu, 2011). One reason for the access problem is an imbalance between 

the demand for and supply of care and the way in which care is rationed. In traditional markets, 

price acts as rationing mechanism to equilibrate demand and supply. However, in healthcare 

markets, where there exists market failures due to ‘merit good’ nature of health care, asymmetry 

of information between health care providers and consumers, and uncertainty associated with 

medical treatment (Arrow, 1963), governments usually intervene in a number of ways including 

providing public health insurance. As a result, consumers face zero or below market clearing price 

and demand is rationed through waiting times (Martin & Smith, 1999). But, unlike markets 

cleared by money prices, an increase in waiting times does not motivate suppliers (primary care 

physicians) to increase supply. Waiting times are an important measure of access to health 

services and fundamental to patient perceptions of the quality of healthcare. Public surveys 

(Australian Bureau of Statistics, 2016a; Department of Health-UK, 2015) and previous research 

indicates that waiting times play an important role in determining people’s level of satisfaction 

with health system (Cheraghi-Sohi et al., 2008; Gandhi, Parle, Greenfield, & Gould, 1997; Gerard, 

Salisbury, Street, Pope, & Baxter, 2008; Scott, Watson, & Ross, 2003). Delays in receiving primary 

care can result in poorer health outcomes, unnecessary stress and potentially avoidable 

complications. It can also lead to an increased use of hospital or emergency department for 

services which could be less expensively provided in primary care (Bindman et al., 1995; Cowling 

et al., 2013; Dolton & Pathania, 2016; Young, Dobson, & Byles, 2000).  

In many OECD countries, including Australia, the demand for primary care is growing as the 

population ages and there is an increasing prevalence of chronic diseases and multimorbidity. 

However, primary care capacity is struggling to keep pace with the rising demand. For example, 

in 2016-17, around 26% of Australians could not access their preferred general practitioner (GP) 

on multiple occasions. Around 24% in major cities and 33% in outer regional and remote Australia 
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reported waiting more than 24 hours to see a GP for their most recent urgent medical care 

(Australian Bureau of Statistics, 2017).  

There are multiple factors causing difficulties for patients in gaining timely access to primary care. 

Increases in the proportion of women entering the medical profession and shifts in preferences 

over work-life balance, for both men and women, have resulted in physicians working fewer 

hours (Crossley, Hurley, & Jeon, 2009; Kirch & Vernon, 2008; Sarma et al., 2011). For example, in 

Australia, between 2000 and 2015, the proportion of female general practitioners (GPs) rose 

from 35.5% to 44.2% (Department of Health, 2016) and the proportion of GPs working more than 

40 hours per week declined from 42% to 30% (H. Britt et al., 2015). There has been a marked 

decline in the proportion of medical students choosing primary care careers in many countries 

including the U.K., U.S. and Australia (T. Bodenheimer & Pham, 2010; Joyce & McNeil, 2006; 

Sivey, Scott, Witt, Joyce, & Humphreys, 2012). Even if this latter trend is reversed, it will take 

considerable time for it to have a significant impact at the extensive margin on the supply of 

primary care. This is because medical training is a lengthy and costly process with licensing 

restrictions on entry into the profession. Therefore, labour supply decisions of the existing 

physicians are likely to have significant consequences for primary care access at the intensive 

margin. Another critical issue is the inequitable distribution of physicians between urban and 

rural areas. Globally around half of the population lives in rural areas, but only about a quarter 

of the total physicians practice in those areas (Grobler, Marais, & Mabunda, 2015; WHO, 2010b). 

Communities with worse primary care access are found to have inferior health outcomes (T. 

Bodenheimer & Pham, 2010; Buykx, Humphreys, Wakerman, & Pashen, 2010).  

Decision makers in OECD countries have enacted policy initiatives to increase primary care 

capacity and improve access to primary care services. Such measures include encouraging 

general practices to provide extended working hours or offer after hours care (Department of 

Human Services, 2015c; Dolton & Pathania, 2016; Siciliani, Borowitz, & Moran, 2013), promoting 

and supporting the role nurses in primary care (Ghorob & Bodenheimer, 2012; Hoare, Mills, & 

Francis, 2012; Pearce et al., 2011; Solomon et al., 2014), and providing financial incentives to 

physicians to work in rural and remote communities (Australian National Audit Office, 2009; 

Grobler et al., 2015; McPake, Scott, & Edoka, 2014). However, we have very little understanding 
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whether and to what extent such supply-side policies affect access to primary care in general and 

waiting times in particular. Primary care waiting times are sparsely studied compared to hospital 

waiting times even though in many OECD countries, primary care waiting times are a health policy 

concern (Siciliani et al., 2013). One potentially important reason could be the lack of available 

data on primary care waiting times. Measuring waiting times in primary care setting is 

conceptually and practically harder as compared to waiting times in hospital setting due to issues 

like patients forgoing their preferred GP for other GP or deciding to go to an emergency 

department if waiting time is long. Moreover, the information available on waiting times for 

primary care through patient surveys or physician surveys are based on self-reported information 

which could raise concerns about measurement error.  

There are few studies that have looked at waiting times in primary care and they focus on how 

waiting times are associated with demand-side factors such as income and private insurance 

(Poot, 2014; Roll, Stargardt, & Schreyögg, 2012). There is limited quality evidence on how 

changes in supply affect waiting times in primary care. Such evidence is important to understand 

what factors affect waiting times for primary care physicians and to what extent supply-side 

policies could help improving access to their services. Developing more evidence on the 

relationship between supply and waiting times in primary care is vital to extend the current 

literature on waiting times and to inform the design of future primary health care policies and 

workforce planning. 

Therefore, through three studies, this thesis aims to answer the overarching research question 

of: how do changes in supply-side factors and policy interventions influence waiting times in 

primary care? In doing so, it contributes to improving policy relevant knowledge in the under-

researched area of waiting times in primary care and how they are affected by changes in supply-

side factors. 

The next section covers the background where the literature on waiting times is discussed briefly. 

Literature specific to each of the three research questions is reviewed in the introduction to the 

respective chapters. Finally, this chapter concludes with an overview of the thesis.   
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1.1 Background: Waiting time literature 

Waiting times are a serious health policy issue in more than half of the countries in the OECD 

(Luigi, Michael, & Valerie, 2013) and remain the most common barrier to health care services 

including primary care, outpatient specialist care, hospital elective and emergency care. The bulk 

of the literature on waiting times focuses on hospital waiting times, while other types of waiting 

times are less studied (Cullis & Jones, 1986a; Goddard, Malek, & Tavakoli, 1995; Gravelle, Smith, 

& Xavier, 2003; Iversen, 1993; Lindsay & Feigenbaum, 1984; Martin & Smith, 1999; Sivey, 2012). 

The majority of studies of hospital waiting times outline models to examine the elasticity of 

demand and supply of hospital care with respect to waiting times or waiting lists, using both 

cross-sectional and longitudinal data (Dusheiko, Gravelle, & Jacobs, 2004; Gravelle, Dusheiko, & 

Sutton, 2002; Gravelle et al., 2003; Martin, Rice, Jacobs, & Smith, 2007; Sivey, 2016). A limited 

number of studies have examined the causes of variation in hospital waiting times. Siciliani and 

Hurst (2003) investigate the causes of variation in waiting times for non-emergency surgery 

across OECD countries and find that waiting times are negatively associated with the number of 

hospital beds or practising physicians, and the level of health spending. Other studies have 

focused on variation in hospital waiting times by patient characteristics and find that higher 

socioeconomic status and private health are associated with lower waiting times (Cooper, 

McGuire, Jones, & Le Grand, 2009; Johar & Savage, 2010; Laudicella, Siciliani, & Cookson, 2012; 

Siciliani & Verzulli, 2009; Sudano & Baker, 2006). 

Several studies in the literature have examined the extent to which policies such as extra funding, 

activity-based financing, encouraging patient choice, privatisation and subsidising private health 

insurance can affect hospital waiting times. Evidence from the U.K.’s GP Fundholding scheme 

suggests that giving GPs their own budgets to purchase hospital treatments for their patients led 

to a reduction in waiting times for elective procedures (Dusheiko et al., 2004; Propper, Croxson, 

& Shearer, 2002). Providing patients with a greater choice of providers has also been found to 

negatively affect waiting times by encouraging competition (Dawson, Gravelle, Jacobs, Martin, & 

Smith, 2007; Siciliani & Martin, 2007). Tying incentives to activity is another policy tool that has 

been employed in several countries. In 1993 the Australian state of Victoria introduced case-mix 

hospital funding where hospitals were paid on the basis of their output and evidence suggests 
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that this led to shorter waiting times (Duckett, 1995; Street & Duckett, 1996). However, the 

experience of countries like the Netherlands shows that activity-based funding is likely to have a 

long-term impact on waiting times only if it is accompanied by other measures such as increased 

capacity, choice and competition (Siciliani et al., 2013).  

Therefore, due to the availability of data and political importance, hospital waiting times 

(particularly for elective treatments) have been the focus of much research. These studies, 

however, provide us with a background to study other types of waiting times such as waiting 

times for primary care which have been sparingly studied so far.  

1.2 Thesis overview 

This thesis consists of three studies (Chapters 2 – 4) investigating the relationship between 

primary care waiting times and supply. The research uses data from the Medicine in Australia: 

Balancing Employment and Life (MABEL) longitudinal survey of Australian doctors and the 

Australian Medical Publishing Company (AMP-Co.) Medical Directory of Australia (MDA). The 

MABEL survey is uniquely suited to examine the supply-side determinants of changes in waiting 

times in primary care as it contains unique data on waiting times for GPs and detailed information 

on their place of work, location and workload.  

The thesis is organised as follows: 

• Chapter 2: Key research question – What is the effect of changes in hours worked by 

general practitioners (GPs) on waiting times in primary care?  

Declining working hours of GPs is a crucial factor influencing access to health care in many 

countries. A higher share of female GPs and changing preferences over work-life balance 

for male and female GPs have contributed to this (Crossley et al., 2009; Joyce, McNeil, & 

Stoelwinder, 2006; Kirch & Vernon, 2008; Shrestha & Joyce, 2011). However, we have a 

limited understanding of how changes in GP labour supply impact access to primary care 

services, as measured by waiting times. Therefore, the first study of this thesis makes an 

important contribution by being the first to examine the impact of hours worked by GPs 

on how long patients wait to see them. It takes into account unobserved GP heterogeneity 
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and time-varying confounders using fixed effects and instrumental variables methods and 

hence aims to identify a causal relationship.  

 

• Chapter 3: Key research question – Do financial incentives to support employment of 

practice nurses improve access to GP services?  

Changes in the burden of disease and demographics due to the ageing population in 

tandem with an increasing pressure to contain costs have resulted in growing pressure 

on the primary health care systems in many countries. One of the key responses by 

policymakers has been to encourage multidisciplinary and team-based care, particularly 

promoting and supporting the role of nurses in general practice. Many OECD countries 

have been providing financial incentives to general practices to work with nurses and 

expand their role in the delivery of primary care. However, there is limited research 

examining the impact of nurses on access to primary care and a lack of quantitative 

evidence on the impact of financial incentives and funding structures on the roles of 

nurses. This study evaluates a capitation-based incentive program in Australia that 

encourages general practices to work with nurses and examines whether providing 

financial incentives that support employment of nurses reduce waiting times for GP 

services. It takes into account the endogeneity due to self-selection of practices into the 

program using longitudinal data and methods to identify the impact of nursing incentives 

on access to GP services. The study makes an important contribution to the literature on 

the role of nurses in primary care and provides evidence on the impact of nurses on a key 

dimension of access.  

 

• Chapter 4: Key research question – What is the impact of rural workforce incentives on 

access to physician services in underserved areas?  

Inequitable distribution of health workforce between urban and rural areas is significant 

health policy issue (WHO, 2010b) and is associated with reduced access and inferior 

health outcomes in rural communities (Buykx et al., 2010). Policy makers often use 

financial incentives to improve recruitment and retention of the health workforce in 
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underserved areas, but evidence from the literature on the effectiveness of such 

interventions is inconclusive (Buykx et al., 2010; Grobler et al., 2015). Despite the fact that 

providing timely access to health services is one of the key objectives of rural health 

policies (Department of Health, 2011), there is little quantitative evidence on how rural 

workforce incentives affect access to physician services in these underserved areas. This 

chapter aims to fill this knowledge gap by examining whether providing financial 

incentives to encourage physicians to work in underserved areas affects access to their 

services, as measured by waiting times and if so, then what are the mechanisms that lead 

to the changes in waiting times. It uses the difference-in-difference methodology that 

exploits a natural experiment in Australia to analyse the effect of changes in rural financial 

incentives on waiting times for GP services.  

 

• Chapter 5 summarises the findings of this thesis and synthesises the implications of the 

research findings.  
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2 HOURS WORKED BY GENERAL PRACTITIONERS 

AND WAITING TIMES FOR PRIMARY CARE 
 

 
 
 
 
 

 
 

Abstract: The decline in the working hours of general practitioners (GPs) is a key factor 

influencing access to healthcare in many countries. We investigate the effect of changes in hours 

worked by general practitioners (GPs) on waiting times in primary care using the MABEL 

longitudinal survey of Australian doctors. We estimate GP fixed effects models for waiting time 

and use family circumstances to instrument for GP’s hours worked.  We find that a 10% reduction 

in hours worked increases average patient waiting time by 12%. Our findings highlight the 

importance of GPs’ labour supply at the intensive margin in determining the length of time 

patients must wait to see their doctor.  

 

Keywords: primary care; waiting times; labour supply; fixed-effects; Instrumental Variable 

model; MABEL Survey 
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2.1 Introduction 

Primary health care is typically the first point of contact with the health care system and plays an 

important role in the diagnosis and management of patients’ health problems.  Concerns about 

access to primary health care services have been growing in many countries (Sarma et al., 2011). 

In health care markets where there is public or private insurance and patients face zero or below 

market clearing prices, demand is rationed by waiting times.  Consequently, waiting times are a 

key measure of access to health care (Siciliani & Hurst, 2003). Delays in receiving primary care 

results not only in the risk of deterioration of patients’ health but also an increase in hospital or 

emergency department use (Bindman et al., 1995; Cowling et al., 2013; Dolton & Pathania, 2016). 

An increased prevalence of chronic diseases and ageing populations have led to an increase in 

the demand for primary care services in many OECD countries. At the same time, hours worked 

by general practitioners (GPs) have declined (Crossley et al., 2009; Kirch & Vernon, 2008; Sarma 

et al., 2011). Young doctors are working fewer hours than previous cohorts (Sarma et al., 2011) 

and  there has been a decline in the hours GPs work, both overall and in direct patient care for 

males and female GPs (H. Britt et al., 2013; Crossley et al., 2009). Reductions in hours worked are 

primarily attributed to the increasing proportion of female doctors, the ageing of the medical 

workforce and a shift of preferences over work-life balance (Crossley et al., 2009; Joyce et al., 

2006; Kirch & Vernon, 2008; Shrestha & Joyce, 2011). There is currently little knowledge of how 

these changes in GP labour supply affect access to primary care in general and waiting times in 

particular. Medical training is a lengthy and costly process, and there are licensing restrictions on 

entry into the medical profession, so compared to other labour markets, supply at the extensive 

margin is relatively inflexible to short-term changes in demand. As a result, reductions in working 

hours may have important implications for access to primary care services.    

In this paper, we use a longitudinal survey of Australian doctors to investigate the extent to which 

hours worked by GPs affect waiting times for appointments. Waiting times for primary care are 

a policy concern in several OECD countries including Australia, Canada, U.K. and Sweden (Siciliani 

et al., 2013),  but are less studied than hospital waiting times (Cullis & Jones, 1986b; Goddard et 

al., 1995; Gravelle et al., 2003; Iversen, 1993; Lindsay & Feigenbaum, 1984; Martin & Smith, 
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1999). The limited literature examining the accessibility to primary care focuses on differences in 

access by patient age, gender, location and health (Kontopantelis, Roland, & Reeves, 2010; 

Muggah et al., 2014; Young et al., 2000). The few studies of primary care waiting times find that 

patients with higher income and private insurance have shorter waiting times (Roll et al., 2012). 

There is a paucity of research on how waiting times in primary care are affected by supply-side 

factors which is crucial in designing policies to ensure timely access to GP services. 

Our study is the first to examine the impact of hours worked by GPs on the length of time patients 

wait to see them. The key challenge in identifying the causal impact of hours worked by GPs on 

waiting times is the potential for unobserved confounders that determine both labour supply of 

GPs and their patients’ waiting time.  This is an issue because failing to account for confounders 

will lead to biased estimates of the impact of hours worked on waiting times. We address the 

presence of time-invariant confounders, such as GPs’ motivation and ability, using a GP fixed 

effects (FE) approach. In order to also account for time-varying unobserved confounders, such as 

changes in patient case mix, we implement a fixed effect instrumental variables (FEIV) estimation 

strategy.  After accounting for both time-invariant and time-varying unobserved confounding, we 

find that waiting times do respond to hours worked by GPs: a 10% decrease in the average hours 

worked by a GP will increase the average waiting time for the GP by 12%. We also find that 

waiting times are affected by GP attributes such as education and experience, local GP density, 

and by the socioeconomic status of the local population. 

In Section 2.2 we briefly set out the institutional context, provide a simple model of waiting time 

and GP labour supply, and use it to guide our estimation strategy. Section 2.3 describes the data 

and Section 2.4 provides the estimation results. Section 2.5 concludes with a discussion of the 

results and policy implications. 
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2.2 Methods 

2.2.1 General practitioners in Australia 

In Australia, GPs are the most commonly accessed primary health service and act as gatekeepers 

to specialist care. Eighty-three percent of Australians consulted a GP at least once in the previous 

12 months in 2016-17 (Australian Bureau of Statistics, 2017). Medicare, Australia’s tax-financed 

public insurance scheme, provides a fixed subsidy for each visit to a medical practitioner. GPs can 

charge fees at or above the rebate, which thus acts as a floor price. Medicare provides financial 

incentives to GPs to set their fees equal to the rebate for Commonwealth Concession Card 

holders and children under 16 years of age (Department of Human Services, 2015b), with higher 

incentives in regional, rural and remote areas (Department of Human Services, 2016).1 When 

they do so, the full cost of GP services is billed directly to Medicare and patients have no out of 

pocket costs. This practice is known as bulk-billing. Over eighty percent of GP services are bulk-

billed (Department of Health, 2017). Some practices bulk-bill all or most of their patients and 

others bulk-bill only a small proportion of their patients, typically in more affluent areas (Gravelle, 

Scott, Sivey, & Yong, 2016). Patients are free to visit any GP as there is no compulsory patient list 

or registration system. Most GPs work in privately owned group practices with other GPs, 

practice nurses and allied health professionals. In 2015-16, around 67 percent of GPs were 

working in practices of five or more GPs, and on average, there were 7.5 GPs per practice (H. Britt 

et al., 2016). 

2.2.2 Waiting time and GP hours worked 

We outline a simple model of the market for GP consultations.2 Given high bulk-billing rates, we 

assume that the GP bulk-bills all patients, who therefore face a zero price.3  

 

                                                           
1 Concession cards reduce the fees paid by patients for Pharmaceutical Benefits Scheme prescription items, and certain Medicare 
services. There are six types of concession cards provided by the government – Health Care Card, Commonwealth Seniors Health 
Card, Low Income Health Care Card, Pensioner Concession Card, Ex-Carer Allowance (Child) Health Care Card, Foster Child Care 
Card. For more details see: https://www.humanservices.gov.au/customer/subjects/concession-and-health-care-cards 
2 See (Cheraghi-Sohi et al., 2008; Gandhi et al., 1997; Gerard et al., 2008; Gravelle et al., 2003; Martin, Jacobs, Rice, & Smith, 
2003; Scott, 2000; Scott & Vick, 1999; Scott et al., 2003; Turner et al., 2007) for related literature and theoretical models. 
3 We test the sensitivity of our results to this assumption in section 2.4.2. 

https://www.humanservices.gov.au/customer/subjects/concession-and-health-care-cards
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Demand for consultations with the GP is: 

                         𝐷 = 𝐷(𝑤, 𝑞; 𝑥𝑑 , 𝜖𝑑),          𝐷𝑤 < 0,𝐷𝑞 > 0                                                                (1) 

where 𝑤 is waiting time and 𝑞 is a measure of the GP’s quality. 𝑥𝑑 is a vector of exogenous 

demand shifters – such as income, education, health status and the age-distribution of the local 

population. It also includes other exogenous factors such as availability of emergency 

departments and other GPs. 𝜖𝑑 captures unmeasured factors that shift demand.   

On the supply side, GP works h hours per week. We assume that consultation length t is fixed so 

that the supply of consultations per week is n = h/t. The assumption that consultation length is 

fixed is reasonable in the Australian context given that most general practices follow a fixed 

appointment scheduling system where patients are booked for 15-20 minutes’ appointments 

with the GPs for a standard (level B) consultation.4 5  

The GP bulk-bills all patients and so receives a fixed Medicare rebate 𝑚 per patient. She incurs 

costs 𝑐(𝑛, 𝑞; 𝑥𝑐 , 𝜖𝑐) where 𝑥𝑐 are observed factors affecting costs such as the costs of nurses, 

allied health and administrative staff, and patient complexity. 𝜖𝑐 is an unobserved component. 

GP income is 𝑦 = 𝑦0 +𝑚𝑛 − 𝑐(𝑛, 𝑞; 𝑥𝑐, 𝜖𝑐), where 𝑦0 is exogenous non-work income. The utility 

of the GP is: 

                                         𝑢 = 𝑢(𝑦, ℎ; 𝑥𝑔, 𝜖𝑔)                                                                                      (2)     

where 𝑥𝑔 denote GP’s personal characteristics such as age, gender, children, etc., and 𝜖𝑔 is an 

unobserved preference shifter.  

 

                                                           
4 Evidence from Australia as well as United states and Europe indicates that consultation length is determined to a large extent 
by the nature of the problems managed during the consultation and the characteristics of the patients such as age and gender 
(H. C. Britt, Valenti, & Miller, 2005; Deveugele, Derese, van den Brink-Muinen, Bensing, & De Maeseneer, 2002; Sayer et al., 2000). 
It is also affected by GP characteristics such as age, gender and medical training, and by practice type and location (Bensing, 
Roter, & Hulsman, 2003; H. C. Britt et al., 2005; Deveugele et al., 2002) and can be thought as a measure of exogenous practice 
style (Schurer, Kuehnle, Scott, & Cheng, 2016). 
5 A level B consultation is defined in the Medicare regulations as – Professional attendance involving taking a selective history, 
examination of the patient with implementation of a management plan in relation to one or more problems OR a professional 
attendance of less than 20 minutes duration (H. Britt, Valenti, Miller, & Farmer, 2004).  Level B consultations account for about 
80% of all consultations [(H. Britt et al., 2004) (http://medicarestatistics.humanservices.gov.au/statistics/mbs_group.jsp)] 

 

http://medicarestatistics.humanservices.gov.au/statistics/mbs_group.jsp
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The GP chooses her hours ℎ = 𝑛𝑡 of work to satisfy 

                                      𝑢ℎ + 𝑢𝑦 (
𝑚

𝑡
− 𝑐𝑛

1

𝑡
) = 0                                                                                 (3) 

and so  

                                     ℎ = ℎ∗(𝑚, 𝑡, 𝑞, 𝑥𝑐, 𝑥𝑔, 𝜖𝑐, 𝜖𝑔)                                                                           (4) 

Equivalently, given the fixed consultation length, the GP supplies consultations to the point 

where their marginal cost, including the monetary value of forgone leisure, equals marginal 

revenue (𝑚).     

                                               𝑚 = 𝑐𝑛 − 𝑡
𝑢ℎ

𝑢𝑦
                                                                                            (5) 

as in the top panel in Figure 2.1. The supply of consultations is:  

                                     𝑛 = ℎ∗(𝑚, 𝑡, 𝑞, 𝑥𝑐, 𝑥𝑔, 𝜖𝑐, 𝜖𝑔)/𝑡 = 𝑛∗(𝑚, 𝑡, 𝑞, 𝑥𝑐, 𝑥𝑔, 𝜖𝑐, 𝜖𝑔)                        (6) 

As shown in the bottom panel of Figure 2.1, the market clearing condition is that demand for 

consultations equals the supply of consultations which is inelastic with respect to waiting time, 

and demand adjusts via waiting time: 

                                      𝐷(𝑤, 𝑞; 𝑥𝑑 , 𝜖𝑑) − 𝑛 = 0,                                                                                  (7)          

Hence the equilibrium waiting time is given by: 

                        𝑤 = 𝑤(𝑞, 𝑛∗;  𝑥𝑑, 𝜖𝑑) = 𝑤(𝑞, ℎ∗(𝑚, 𝑞; 𝑡, 𝑥𝑐 , 𝑥𝑔, 𝜖𝑐, 𝜖𝑔)/𝑡 ; 𝑥𝑑 , 𝜖𝑑)                        (8) 

which is decreasing in the supply of GP consultations and increasing in the quality of the GP. 
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Figure 2.1: Determination of waiting times in market for GP consultations 

 

Note. w: waiting time for consultation, n: number of consultations, m: Medicare rebate, cn: marginal cost of 

consultation, t: length of consultation, −uh/uy: marginal rate of substitution of hours worked for income (marginal 

compensation required for an hour work), D(w,·): demand for consultations. Top panel: hours worked determined 

by full marginal cost –t(uh/uy) of a consultation and marginal revenue.  Bottom panel: waiting time determined by 

demand and inelastic supply of consultations. 
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2.2.3 Econometric strategy  

We want to estimate the quasi-reduced form (8) for waiting time and assume a linear form for 

the waiting time for GP 𝑖 in year 𝑡: 

                             𝑊𝑖𝑡 = 𝛽0 + 𝛽1ℎ𝑖𝑡 + 𝛽2𝑋𝑖𝑡 + 𝛾𝑖 + 𝜆𝑡 + 𝜖𝑖𝑡                                                              (9) 

where ℎ𝑖𝑡 is the average weekly total hours worked by GP 𝑖 in year 𝑡.6 𝛽1 is the coefficient of 

primary interest and is the effect of an hour change in the total hours worked by a GP on the 

average waiting time to see the GP. To capture the effect of 𝑥𝑔, 𝑥𝑐, 𝑥𝑑 and 𝑞 from our theoretical 

model we include 𝑋𝑖𝑡, a vector of observed characteristics of the GP, her practice, and the area 

where it is located. 𝑋𝑖𝑡 also includes a measure of consultation length. GP fixed effects 𝛾𝑖 captures 

time-invariant unobserved GP characteristics. 𝜆𝑡 are year fixed effects that control for shocks 

that affect waiting times for all GPs.  

The inclusion of GP fixed effects accounts for time-invariant unobserved heterogeneity that 

affects both GP’s labour supply and waiting time. However, hours worked by GPs may also be 

correlated with unobserved time-varying confounding factors such as unobserved changes in 

patient case mix. We therefore instrument hours worked with a set of indicators capturing GP 

family type. Family circumstances, such as having young dependent children and the working 

status of the spouse have been shown in previous studies to be strongly correlated with hours 

worked (Becker, 1985; Bertrand & Hallock, 2001; Joyce, Wang, & Cheng, 2015; Schurer et al., 

2016). For these family characteristics to be valid instruments, in addition to being correlated 

with the GP’s hours worked, they should not impact on the demand for GP consultations and 

hence waiting times through any mechanism other than the hours worked by GPs. 

It is unlikely that family circumstances, such as having a young child and a spouse who works full 

time, will directly affect demand for consultations with the GP and hence waiting times. However, 

there might be concern that correlation between waiting times and family characteristics could 

arise if GPs respond to demand shocks by changing their hours of work and those of their partner. 

We argue that this unlikely because decisions about labour supply and fertility are typically made 

                                                           
6 Linear specification is preferred over a semi-log because of the presence of zeros in the data and zero waiting time is important 

for this study.  
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in a life-cycle setting and based on lifetime utility (J. Heckman, 1983; Killingsworth & Heckman, 

1986; MaCurdy, 1981; Montgomery & Trussell, 1986). For this reason, short-term changes in 

demand for GP services are unlikely to lead to significant changes in spousal labour supply nor 

are they likely to affect important life-cycle decisions such as having children.7 Evidence from 

studies of physicians and their partners find that life cycle decisions follow the traditional 

gendered division of labour in the household: priority is often given to the career of the male 

partner even if both partners have the same level of education  (Gjerberg, 2003; Schurer et al., 

2016; Stamm & Buddeberg-Fischer, 2011; Wang & Sweetman, 2013). Parenthood is associated 

with a significant reduction in hours of work for female physicians, while for male physicians the 

effects of marriage and parenthood are much less evident. This is so for physician/non-physician 

and for physician/physician couples (Stamm & Buddeberg-Fischer, 2011; Wang & Sweetman, 

2013). Therefore, we argue that our set of indicators measuring family circumstance are 

reasonably excluded from the waiting time equation as it is unlikely that demand-side shocks will 

materially affect the family dynamics.8   

We present results for OLS, OLS with GP fixed effects, IV and fixed effects IV (FEIV) models. We 

compute robust standard errors clustered on individual GP. IV and FEIV are inefficient in the 

presence of heteroscedasticity. As the Pagan and Hall test suggests that heteroscedasticity is 

present (Baum, Schaffer, & Stillman, 2007), we estimate our model using the two-step 

Generalized Method of Moments (GMM) estimator. 

2.3 Data and descriptive statistics 

2.3.1 Data 

The data is from the Medicine in Australia: Balancing Employment and Life (MABEL) survey, an 

annual prospective cohort study of workforce participation, labour supply and its determinants 

                                                           
7 Appendix Table 2.A3 presents the transition probabilities of GPs moving into different family types. They are broadly in line with 
traditional life-cycle behaviour. For example:  single GPs with no children who change type are most likely to acquire a child and 
no partner in the next period, and next most likely to acquire a partner and have no dependent children. GPs with a non-working 
partner and dependent children are most likely to change type to having dependent children and a partner who works part time.  
8 Notice that in the theoretical model of section 2.2.2 that neither demand factors nor waiting time to see the GP affect the utility 
of GPs or their income. Hence, GP hours do not vary with demand shocks. Rather demand shocks lead only to changes in waiting 
time. In Figure 2.1, the supply curve of consultations is vertical in (w,n) space. For demand shocks to affect hours worked (and 
hence waiting times) requires that the GP cares directly about patient waiting times.  
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among Australian doctors. The survey provides exceptionally rich data on doctors’ workload, 

qualifications, practice settings, personal characteristics, geographic location, and family 

circumstances (Joyce et al., 2010). For the first wave in 2008, a total of 54,750 doctors (the 

population of all doctors in Australia) across four broad groups within the medical workforce 

were invited to participate. The response rate was 19.36% with a total of 10,498 doctors in the 

baseline cohort, which includes 3,906 GPs, 4,597 specialists, 1,072 specialists-in-training, and 924 

hospital non-specialists. Joyce et al. (2010) found the 2008 cohort to be representative of the 

overall doctor population with respect to age, gender, geographic location, and hours worked.  

In each subsequent wave of MABEL, all doctors who had previously completed a survey plus a 

cohort of new doctors were invited to participate. Attrition of the 2008 cohort in 2014 is 49.9%. 

Attrition is higher in subsequent cohorts, between 53-69%, mainly because these cohorts largely 

consisted of doctors new to clinical practice who tend to have lower response rates generally and 

are less likely to participate longitudinally. The MABEL attrition rates are lower than other 

medical workforce surveys, both nationally and internationally (such as the US Community 

Tracking Study) (Taylor, Scott, & Leahy, 2015). 

We use data on GPs from the first seven waves of MABEL (2008-2014). The outcome of interest 

is waiting time for an appointment with the GP, measured in days.9 Since we use self-reported 

data on waiting times, there might be a concern regarding measurement error. We argue that, 

because there are no waiting time targets for primary care physicians in Australia, GPs have no 

systematic incentives to over-report or under-report their waiting times. Therefore, any 

measurement error in waiting times is likely to be random, so that estimates will be unbiased 

and consistent.10     

We use total hours worked per week as the measure of labour supply. In addition to total hours 

worked, GPs are asked to report the number of hours worked in different settings and on 

                                                           
9 The outcome variable is based on responses to the survey question – ‘Excluding emergencies or urgent needs, for how many 
days does a patient typically have to wait for you, their preferred doctor in the practice? (Please write average number of days).’  
10 For practices with more than one MABEL GP respondent, reports of waiting times “for any doctor in the practice” and “waiting 
time for a new patient” agreed closely. The Australian Bureau of Statistics Patient Experience Survey asks patients about waiting 
times but only for urgent appointments (Australian Bureau of Statistics, 2017), so patient reports cannot be compared, even in 
aggregate, with MABEL GP reports of waiting times “excluding emergencies or urgent needs”.   
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different activities.11 We exclude GP-year observations if the difference between the total 

number of working hours reported across different settings and the reported weekly total hours 

worked is 5 or more hours. We then exclude GP-year observations if reported weekly total hours 

worked are below 4 hours or exceed 75 hours. Finally, we form our baseline estimation sample 

by excluding GP-year observations if the reported waiting time for an appointment was greater 

than 30 days.12 

As instruments for hours worked we use a set of indicator variables for GP’s family circumstances 

based on whether the GP has a partner, the employment status of the partner, the number of 

children and the age of the youngest child.  

The estimation sample is restricted to GPs with non-missing information on all relevant variables 

and who have at least two observations across the seven waves. The analysis sample size is 

14,544 observations on 3,561 GPs.13  

2.3.2 Descriptive statistics 

Figure 2.2 presents the distribution of waiting times and hours worked for the estimation sample. 

Most GPs have waiting time of less than 5 days and work between 20 to 55 hours a week.  

Table 2.1 presents the descriptive statistics for the estimation sample. The average waiting time 

for a GP is 4.02 days and the average total hours worked per week is 37.54. Half of the GPs in the 

estimation sample are women. The majority of GPs are Australian medical graduates (74%), their 

average length of a standard (level B) consultation is 15.82 minutes, and they bulk-bill 61 percent 

of their patients.14 Most GPs are salaried or contracted employees (57%) and practice in cities 

(67%). Around 11 percent of GPs have dependent children aged under 5 years, and 50 percent 

have a partner who is either not working or working part-time.   

                                                           
11 The settings in which GPs are asked to report hours worked are – Private medical practitioner’s room, community centre/state-
run primary care organization, public hospital, private hospital, residential/aged care facility, aboriginal health service, Govt. 
department/agency/defence forces, tertiary education institution, and other. The activities on which GPs are asked to report 
hours worked are – Direct patient care, indirect patient care, education activities, management and administration, and other.  
12 The distribution plots of waiting time in our data (see Figure 2.2) show that for most GPs the waiting times are well under 30 
days. We tested the sensitivity of the results to the waiting time cut offs defining the sample (see Appendix Table 2.A6).    
13 Appendix Table 2.A1 shows the number of observations that were lost for different reasons. 
14 The MABEL survey asks GPs to report the proportion of patients bulk-billed, while the figure of over 80% bulk-billing reported 
by Department of Health (Department of Health, 2017) is based on the proportion of GP services (not patients) bulk-billed.  
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The last two columns of Table 2.1 show that although the variation between different GPs is 

larger than variation within GPs (over time), there is still considerable within variation for waiting 

time and total hours worked to support fixed-effects analysis. There is little variation, between 

or within GPs, in the consultation length with the average varying less than 4 minutes between 

GPs and less than 2 minutes for a GP over time. This indicates that most GPs have a standard 

consultation between 15-20 minutes, supporting our assumption of exogeneity of consultation 

length. 

There is nontrivial within-variation in the family characteristics we use as instruments. Appendix 

Table 2.A3 reports GP transition probabilities between different family types. Each year, about 

17 percent of single GPs in the data become partnered. From one year to the next, about 20 

percent of GPs with a partner who is either not working or working part-time and who have a 

dependent child aged under 5 see their child turn 5 and age out of this category. Further, for a 

sizeable proportion of GPs, the partner’s work-status changes from not working to working part-

time, or from working part-time to either not working or working full-time from one year to the 

next.  

Figure 2.2: Distribution of hours worked and waiting times for GPs 
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Table 2. 1: Descriptive statistics for estimation sample, pooled across years (2008-2014) 
  Overall S D S D 

Variables Mean S D Min Max Between Within 
       

Waiting time for you in practice 4.02 5.60 0 30 4.99 2.72 

Total hours worked per week 37.54 13.60 4 75 12.53 5.26 

Hours worked in direct patient care per week  31.18 12.18 4 75 11.24 4.93 

No. of patients (visits) seen per week 110.50 57.02 10 300 52.74 23.01 
       

Personal characteristics 
      

Female 0.50 0.50 0 1 0.50 0.00 

Age: Under 35 0.09 0.28 0 1 0.30 0.12 

Age: 35-39 0.11 0.31 0 1 0.27 0.18 

Age: 40-44 0.12 0.33 0 1 0.26 0.21 

Age: 45-49 0.16 0.36 0 1 0.28 0.24 

Age: 50-54 0.18 0.38 0 1 0.29 0.26 

Age: 55-59 0.16 0.36 0 1 0.27 0.24 

Age: 60-64 0.10 0.30 0 1 0.23 0.20 

Age: 65 or over  0.09 0.29 0 1 0.27 0.12 

Length of std. private consultation  15.82 3.99 5 30 3.61 1.88 

Australian medical graduate 0.74 0.44 0 1 0.45 0.00 

Post graduate qualification/Fellowship 0.61 0.49 0 1 0.46 0.16 
       

Practice characteristics 
      

Tenure in practice (years) 9.00 9.81 0 61 9.16 3.21 

Total no. of GPs in the practice 7.76 4.17 1 25 3.82 1.92 

% of patients bulk-billed 60.56 30.15 0 100 27.78 12.29 

No. of nurses in the practice 2.39 1.90 0 10 1.70 0.92 

No. of allied health prof. \& administrative staff in 
practice 

6.18 4.20 0 30 3.59 2.38 

Employment type: Principal or partner 0.28 0.45 0 1 0.41 0.18 

Employment type: Associate 0.11 0.31 0 1 0.24 0.19 

Employment type: Salaried or Contracted employee 0.57 0.50 0 1 0.44 0.23 

Employment type: Locum or other 0.04 0.20 0 1 0.15 0.13 
       

Area characteristics 
      

Location (ASGC): City 0.67 0.47 0 1 0.46 0.13 

Location (ASGC): Regional 0.31 0.46 0 1 0.45 0.13 

Location (ASGC): Remote 0.03 0.17 0 1 0.16 0.05 

SEIFA Index 1016 74.44 669.50 1213.92 70.92 23.26 

Percent of population under 5 yrs of age 6.03 1.40 0.43 13.34 1.32 0.52 

Percent of population above 65 yrs of age 13.89 4.96 0.18 43.37 4.71 1.67 

Min. distance to emergency department 4.62 3.53 1 19 3.29 1.29 

Ratio of GPs to population (per 1,000) 1.40 0.83 0.07 10.10 0.72 0.39 
       

Instruments 
      

Single 0.08 0.28 0 1 0.24 0.14 

No dep. children, partner doesn't work or works p/t 0.19 0.39 0 1 0.34 0.19 

No dep. children, partner works full time 0.11 0.32 0 1 0.28 0.18 

Dep. children ≤ 5, partner doesn't work 0.03 0.16 0 1 0.13 0.10 

Dep. children ≤ 5, partner works part time 0.03 0.16 0 1 0.12 0.11 

Dep. children ≤ 5, partner works full time 0.05 0.21 0 1 0.17 0.12 

Dep. children > 5, partner doesn't work or works p/t 0.25 0.43 0 1 0.37 0.24 

Dep. children > 5, partner works full time 0.22 0.42 0 1 0.36 0.23 

Single with dep. children 0.04 0.19 0 1 0.16 0.10 
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The estimation sample has broadly similar characteristics to the GP population (Australian 

Institute of Health and Welfare, 2015) except that it has a larger proportion of female GPs (50% 

against 40% in the GP population) which may account for the average total hours worked per 

week being lower than the population average (37.54 against 42.7 hours in the population over 

2008-2014).15 

2.4 Regression results 

Table 2.2a presents results from estimating equation (9). We focus on reporting estimates of the 

coefficient of interest 𝛽1, the impact of hours worked on waiting time. The OLS estimate (column 

1) has a positive and statistically significant coefficient on total hours worked, implying that a 

decrease in hours worked by a GP is associated with lower waiting times. However, once we 

control for GP fixed effects (column 2), the coefficient becomes statistically insignificant.16  

Columns 3 and 4 of Table 2.2a present the results from IV and FEIV estimation. The C or GMM 

distance test of endogeneity confirmed the endogeneity of total hours worked in both IV and 

FEIV models, with the null of exogeneity rejected at 1% level of significance. The IV model 

(column 3) exploits the between-GP variation and has a coefficient of -0.066 on total hours 

worked, suggesting that a one hour decrease in average total hours worked per week is 

associated with a rise in average waiting time of 0.066 days, which is a 1.64% increase relative to 

the mean waiting time (4.02 days). This estimate implies that a 10% (or 3.75 hours) reduction in 

hours worked would increase the average waiting time by 6.2%. The FEIV model (column 4) is 

our preferred model since it additionally exploits within-GP variation. The estimated coefficient 

of -0.125 on total hours worked implies that a 10% reduction in average total hours worked per 

week would increase the average waiting time by 11.7%.17 

                                                           
15 Table 2.A2 in the appendix presents the descriptive statistics separately for female and male GPs.  
16 Means of GP time varying variables added to a random effects specification were jointly significant at 1%, suggesting that fixed 
effects is the appropriate specification (Wooldridge, 2010).  
17 We also estimated models varying the waiting time cut offs used to define the sample by (i) dropping the top and bottom 1% 
(ii) dropping observations with waiting times over 25 days (rather than 30), (iii) dropping observations with waiting times over 15 
days. The results (Appendix Table 2.A6) are qualitatively similar to the baseline model (hours worked remain highly statistically 
significant and the instruments strong), though the effect of hours worked is reduced by about two fifths in the sample with the 
tightest (15 days) waiting time cut off.   
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The instruments are stronger in the IV model (excluded instruments F statistic = 41.09 (p<0.000), 

partial R2 = 0.048 in column 3 Table 2.2a) than in the FEIV model (excluded instruments F statistic 

= 17.16 (p<0.000), partial R2 = 0.018 in column 4 Table 2.2a) because overall variation is greater 

than within GP variation in the data.18 Both IV and FEIV models pass the under-identification test. 

Table 2.2b presents the results for the first stage total hours worked regression. As expected, 

having dependent children aged under 5 years is associated with a significant reduction in total 

hours worked, and this negative effect is greater for those whose partner works full time. 

The effect of GP, practice and area characteristics are consistent across the models. GPs who 

spend more time per patient, who graduated from an Australian medical school or have a post-

graduate qualification or Fellowship of a college, have higher waiting times. This suggests that 

patients associate these characteristics with higher quality. Tenure in practice is also found to be 

positively associated with waiting times, with waiting times increasing with tenure but at a 

decreasing rate suggesting that patients prefer to consult GPs who have been in the practice for 

longer. 

GPs who are employees (contracted/salaried or working as locum) have lower waiting times 

compared to GPs who are principals or partners in the practice. The coefficient on the number of 

nurses is positive and significant, suggesting that practices with high waiting times might be 

employing more nurses.19 Regional and remote areas have higher waiting times compared to 

major cities. GPs in higher socio-economic areas have lower waiting times which is consistent 

with the waiting time literature (Cooper et al., 2009; Laudicella et al., 2012; Roll et al., 2012; 

Sharma, Siciliani, & Harris, 2013; Siciliani & Verzulli, 2009; Sudano & Baker, 2006).  

GPs located closer to emergency departments have higher waiting times. This seems counter-

intuitive since a proportion of emergency department patients have non-urgent conditions which 

could be dealt with by a GP. A possible explanation is that emergency departments are using 

triage systems where patients who are classified as ‘non-urgent’ are re-directed from the ED to 

                                                           
18 Table 2.A3 in the appendix shows the within-variation in instruments, presenting the transition probabilities of GPs moving 
into different family types or characteristics (i.e. our 9 instrument dummy variables) each year.   
19 This suggests that number of nurses are endogenous. As a robustness check we estimated models excluding number of nurses 
as a covariate, and the point estimates of the effect of hours worked on waiting times for all models were almost unchanged.   
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co-located primary care services (Carson, Clay, & Stern, 2010; Government of Western Australia, 

2004). This might lead to increases in workload and waiting times at the co-located primary care 

practices, especially as there is no patient registration with GP practices in Australia, so that 

patients turned away from ED can go to the closest practice.20 

2.4.1 Alternative measures of labour supply 

We estimated models with two alternative measures of GP labour supply. First, we use hours 

worked in direct patient care as the measure of labour supply. Second, to investigate the 

sensitivity of results to the specification of consultation length, we estimate models using the 

number of patients (visits) seen per week rather than hours worked.21  

Table 2.3 presents the results from IV and FEIV model. The baseline results (using total hours 

worked per week as the measure of labour supply) are repeated in panel C. The results using 

hours worked in direct patient care (panel A) are qualitatively similar to the baseline results, 

however, the magnitude of the effect is slightly higher, possibly because the explanatory variable 

has a slightly smaller scale. The instruments are relatively weaker for direct patient hours, 

particularly in FEIV model (panel A, column 2) perhaps because hours spent in direct patient care 

might be affected by other factors in the practice as well as by family circumstances.22  

The number of patients (visits) seen per week is negatively and significantly associated with 

waiting times for the IV model (panel B, column 1). The estimate from the IV model suggests that 

if a GP sees one patient less a week, the average waiting time would increase by 13 minutes, 

slightly less than the average length of a consultation. The instruments are weak for the FEIV 

model (F = 6.428) possibly due to smaller within-GP variation in the number of patients seen 

(within-GP variation is just 23 patients compared to between-GP variation of around 53 patients).  

 
 
 
 

                                                           
20 As a robustness check, we estimated the baseline models excluding the minimum distance to ED variable from the analysis and 
found the estimates were almost unchanged.   
21 We could not find any instrument for consultation length (𝑡) and hence could not formally test for endogeneity of 𝑡.  
22 Both C or GMM distance test and Durbin-Wu-Hausman test indicated that hours worked in direct patient care are endogenous 
at 5% level.   
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Table 2. 2a: Waiting time regression results for all GPs 
  (1) (2) (3) (4) 

Independent variables OLS GP fixed effects IV FEIV 

          

Total hours worked per week 0.012** (0.005) 0.006 (0.006) -0.066** (0.026) -0.125*** (0.043) 

Personal characteristics         

Female 0.872*** (0.172)   0.217 (0.299)   

Age: 35-39 [Excl: Under 35 years] 0.618*** (0.202) 0.293 (0.278) 0.499** (0.228) 0.162 (0.280) 

Age: 40-44 0.897*** (0.232) 0.297 (0.388) 0.741*** (0.267) 0.372 (0.389) 

Age: 45-49 0.969*** (0.226) 0.233 (0.453) 0.998*** (0.246) 0.637 (0.469) 

Age: 50-54 0.963*** (0.225) 0.163 (0.496) 1.134*** (0.246) 0.709 (0.527) 

Age: 55-59 0.567** (0.233) -0.293 (0.547) 0.751*** (0.248) 0.319 (0.588) 

Age: 60-64 0.427* (0.246) -0.466 (0.602) 0.410 (0.280) -0.106 (0.628) 

Age: 65 or over  0.024 (0.288) -0.783 (0.695) -0.662 (0.415) -0.900 (0.711) 

Length of std. private consultation (mins) 0.153*** (0.015) 0.096*** (0.018) 0.253*** (0.020) 0.081*** (0.019) 

Australian medical graduate 1.176*** (0.156)   0.740*** (0.171)   

Post graduate qualification/Fellowship 0.716*** (0.128) 0.557*** (0.192) 0.698*** (0.162) 0.454** (0.204) 

Practice characteristics         

Tenure in practice (years) 0.158*** (0.017) 0.136*** (0.023) 0.180*** (0.021) 0.149*** (0.024) 

Tenure in practice (years) squared -0.003*** (0.001) -0.003*** (0.001) -0.004*** (0.001) -0.003*** (0.001) 

Total no. of GPs in the practice 0.036** (0.017) 0.005 (0.020) 0.063** (0.024) -0.004 (0.021) 

% of patients bulk-billed 0.001 (0.002) 0.004 (0.003) 0.000 (0.003) 0.003 (0.003) 

No. of nurses 0.164*** (0.037) 0.115*** (0.043) 0.226*** (0.054) 0.117*** (0.044) 

No. of allied health prof. & admin. Staff 0.003 (0.012) -0.011 (0.013) 0.055*** (0.021) -0.013 (0.013) 

Associate [Excl: Principal/partner] -0.200 (0.183) -0.120 (0.205) -0.684** (0.333) -0.403* (0.234) 

Salaried or Contracted employee -0.733*** (0.162) -0.446** (0.208) -1.706*** (0.304) -0.866*** (0.260) 

Locum or other -0.877*** (0.208) -0.585** (0.247) -2.102*** (0.390) -1.024*** (0.302) 

Area level characteristics         

Location (ASGC): Regional [Excl: City] 1.800*** (0.174) 1.623*** (0.287) 1.937*** (0.215) 1.730*** (0.299) 

Location (ASGC): Remote  1.558*** (0.423) 1.123** (0.514) 2.188*** (0.647) 1.516** (0.607) 

SEIFA Index -0.006*** (0.001) -0.002 (0.001) -0.010*** (0.001) -0.003* (0.002) 

Percent of population under 5 yrs of age -0.053 (0.047) -0.044 (0.062) -0.037 (0.063) -0.039 (0.066) 

Percent of population above 65 yrs of age 0.058*** (0.015) 0.047** (0.024) 0.060*** (0.016) 0.049** (0.025) 

Min. distance to emergency department -0.056*** (0.018) -0.043* (0.025) -0.088*** (0.024) -0.057** (0.028) 

Ratio of GPs to population (per 1,000) -0.179** (0.070) -0.111 (0.086) -0.341*** (0.091) -0.082 (0.087)  
        

Year fixed effects Yes  Yes  Yes  Yes  

GP fixed effects No  Yes  No  Yes  
 

        

Observations 14,544  14,544  14,544  14,544  

R-squared 0.185  0.031  0.164  -  

Number of GPs 3,561  3,561  3,561  3,561  

First Stage statistics         

F-stat of excluded instruments [P-value]     41.09 [0.000]  17.16 [0.000]  

Partial R-squared of excluded instruments     0.048  0.018  

Underidentification test P-value     0.000  0.000  

Endogeneity test P-value     0.000  0.001  

Notes: Robust std. errors clustered on GP in parenthesis. Coefficients for year effects and constant are omitted. ***,**,* indicate 
significance at 1%, 5% and 10%. 
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Table 2. 2b: First stage results – Effect of family characteristics on total hours worked per week 
  All GPs 

Independent variables IV FEIV 

  (1) (2)  
    

Instruments     

No dep. children, partner doesn't work or works part time [Excl: 
Single GP] 

-3.268*** (0.684) -0.253 (0.436) 

No dep. children, partner works full time -0.793 (0.668) 1.295*** (0.442) 

Dep. children ≤ 5, partner doesn't work -1.760* (0.897) -1.282* (0.689) 

Dep. children ≤ 5, partner works part time -4.984*** (0.970) -2.577*** (0.647) 

Dep. children ≤ 5, partner works full time -11.144*** (0.779) -5.494*** (0.564) 

Dep. children > 5, partner doesn't work or works part time -1.583*** (0.602) -0.883** (0.406) 

Dep. children > 5, partner works full time -5.566*** (0.610) -1.811*** (0.432) 

Single, Have dep. children  -1.611* (0.879) -1.015 (0.674)  
    

Covariates Yes  Yes  

Year fixed effects Yes  Yes  

GP fixed effects  No  Yes  
 

    

Observations 14,544  14,544  

Centered R2 0.3857  0.0723  

Number of GPs 3,561  3,561  
 

    

Notes: Robust std. errors clustered on GP in parenthesis. Coefficients for covariates, year effects and constant are omitted. ***, 
**, * indicate significance at 1%, 5% and 10% respectively 

 

 

Table 2. 3: Waiting time regression results using alternative measures of labour supply 
  (1) (2) 

Measure of labour supply IV FEIV  
    

  

A: Hours worked in direct patient care per week -0.078** (0.032) -0.196*** (0.062)  
[F = 34.47] [F = 9.441]  
    

B: No. of patients (visits) seen per week -0.028*** (0.010) -0.045** (0.018)  
[F = 15.44] [F = 6.428]  
    

C: Baseline results: Total hours worked per week -0.066** (0.026) -0.125*** (0.043)  
[F = 41.09] [F = 17.16] 

      

Notes: Complete tables are available on request. ***,**,* indicate significance at 1%, 5% and 10%. F-statistic for the excluded 
instruments in the first stage are in square brackets. 
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2.4.2 Bulk billing 

In our theoretical model, we assumed that GPs bulk-bill all patients. We examine the sensitivity 

of our results to the extent of bulk-billing by estimating models separately for the sample of GPs 

who bulk-bill 80% or more of their patients and those who bulk-bill less than 80% of their 

patients.23 The results are reported in panel A of Table 2.4. For GPs bulk-billing 80% or more of 

their patients, we still find a negative and statistically significant relationship between total hours 

worked and waiting times for the IV model (panel A, column 1), and the magnitude is somewhat 

larger than in the baseline IV results (panel D, column 1). In the FEIV model, the instruments are 

weak and estimates are imprecise perhaps because the number of GPs in the sub-sample is small. 

For GPs bulk-billing less than 80% percent of their patients we find a negative and statistically 

significant effect of total hours worked on waiting times for the FEIV model which is similar to 

that in the baseline model. As a further robustness check, we also estimated the baseline model 

for the full sample but excluding the bulk-billing variable from the analysis and found that results 

were almost unchanged (see Table 2.A5 in the appendix). 

2.4.3 Female and male GPs 

Female GPs work fewer hours on average (31.64 hours) than male GPs (43.35 hours) and have 

higher average waiting times (4.28 days against 3.76 days for male GPs). Table 2.A2 in the 

appendix presents the descriptive statistics by gender. It shows that female and male GPs are 

also different in several other characteristics controlled for in our baseline analysis. Estimating 

models separately for female and male GPs allows analysis on a more homogenous sample of 

GPs who are more likely to be similar in their unobservable characteristics which might affect 

demand for consultations and waiting times.  

Table 2.4 panel B presents the results for female and male GPs. The coefficient on total hours 

worked is negative in both IV and FEIV models for both female and male GPs. For female GPs, the 

IV model has negative but statistically insignificant coefficient on total hours worked (-0.042), 

                                                           
23 We did not restrict the sample to GPs who bulk-bill 100% percent of their patients due to very small sample size to perform the 
analysis.   
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while the FEIV model has significantly negative but smaller in magnitude (compared to baseline 

result) coefficient on total hours worked. For male GPs, the instruments are weak in both IV and 

FEIV models and hence the estimates are likely to be biased.  

Table 2.A4 in the appendix reports the separate first stage results for female and male GPs. 

Compared to the first stage results for all GPs (Table 2.2b), the F-Statistics on the excluded IVs 

for female GP labour supply is similar to the baseline models but considerably smaller for male 

GPs. For female GPs, both young dependent children and working status of the spouse are 

associated with labour supply decisions. For example, having dependent children aged under 5 

years and a partner who works full time is associated with a reduction in total hours worked per 

week of about 13 hours as compared to a single female GP without young dependent children. 

The instruments work well for female GPs.  

We find that employment status of the spouse plays a negligible role in the labour supply 

decisions of male GPs and their labour supply response to having children is also weak.24 

However, there is a significant negative association between male GP hours and having 

dependent children aged under 5 years and a partner who works full time compared to a single 

male GP without young dependent children.  Although the family circumstance instruments 

might be working for some male GPs in the sample, overall the instruments are weak for male 

GPs hours and hence estimates are likely to be biased.25  

2.4.4 Employee vs self-employed GPs 

Next, we examine whether the results are driven by GPs who are principals/partners or 

associates in the practice and who therefore have greater control over working hours. The results 

from separate models for GPs who are employees and for principal/partner GPs are in table 2.4 

panel C. Overall, the results are qualitatively similar to the baseline results. For employee GPs, 

we still find a negative and statistically significant effect of hours worked on waiting times for 

                                                           
24 A recent study on Australian GPs also found that male GPs do not significantly alter their labour supply in response to having 
children (Schurer et al., 2016)  

25 We were unable to find any other instruments for male GP hours and so could not further test for and correct endogeneity of 
male GP hours.  
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both IV and FEIV models, although the magnitude of the effect is slightly smaller compared to 

the baseline results. Due to the small sample size of self-employed GPs, the instruments are weak 

and the estimates of the effects of hours worked are imprecise. 

 

Table 2. 4: Robustness checks on sub-samples  
(1) (2) 

Sub-samples IV FEIV      

A: Bulk-billing 
    

80% or more patients bulk-billed -0.097** (0.047) -0.120 (0.138) 

(N=5,212, n=1,789) [F = 12.69] [F= 4.31]      

Less than 80% patients bulk-billed -0.044 (0.027) -0.129*** (0.044) 

(N=9,332, n=2,689) [F = 33.67] [F= 10.94]      

B: Female and male GPs 
    

Female GPs -0.042 (0.026) -0.096** (0.041) 

(N=7,211, n=1,786)  [F = 42.85] [F = 14.74]      

Male GPs -0.090 (0.084) -0.162 (0.141) 

(N=7,333, n=1,775) [F = 4.247] [F = 2.794]      

C: Employed and self-employed GPs 
    

Employed GPs  -0.061** (0.024) -0.074** (0.038) 

(N=8,874, n=2,586) [F = 42.04] [F = 13.91]      

Self-employed GPs (principals, partners or associates) -0.085 (0.071) -0.222* (0.128) 

(N=5,670, n=1,664) [F = 5.06] [F = 3.36]      

D: Baseline results 
    

Full estimation sample -0.066** (0.026) -0.125*** (0.043) 

(N=14,544, n=3,561) [F = 41.09] [F = 17.16]      

Notes: The table presents the coefficients on the total hours worked per week. In FEIV models, the number of observations were 
lesser due to the exclusion of singleton groups when sample is restricted to GPs bulk-billing 80% or more patients (430 
observations dropped), bulk-billing less than 80% patients (393 observations dropped), and when sample is divided into employed 
(246 observations dropped) and self-employed GPs (310 observations dropped). Complete tables are available on request. 
***,**,* indicate significance at 1%, 5% and 10%. F-statistic for the excluded instruments in the first stage are in square brackets. 
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2.5 Conclusion 

This study is the first to examine the extent to which the labour supply of GPs at the intensive 

margin affects access to primary care, as measured by waiting times. Our analysis takes into 

account both time-invariant and time-varying unobserved confounding factors potentially 

correlated with both hours worked by GPs and their waiting times. Controlling for demand-side 

factors, we find that a 10% reduction in the average hours worked by a GP would increase the 

average time a patient waits to see the GP by 12%.   

Our results have implications for policy to improve access to primary care. They suggest that the 

current trend of declining working hours of GPs, primarily driven by increasing feminisation of 

medical workforce and a shift in preference for working predictable and fewer hours, is likely to 

lead to longer waiting times for patients. 

In several OECD countries, policymakers have focused on encouraging general practices to 

provide extended working hours in an attempt to improve access. For example, in the U.K., the 

government launched seven day opening of GP practices in 2013 (Dolton & Pathania, 2016), and 

in Australia, the government provides financial incentives for GPs to offer additional after-hours 

coverage to patients (Department of Human Services, 2015c).  However, evidence from stated 

preference studies suggests that financial incentives will have little impact on increasing the total 

hours worked by GPs (Broadway, Kalb, Li, & Scott, 2017; Kalb, Kuehnle, Scott, Cheng, & Jeon, 

2015). And in the absence of an increase in the number of GPs, reallocating the supply of their 

hours worked across the week could increase waiting times during normal weekday GP office 

hours.   

This suggests that policies which operate on the extensive margin will be required. Many 

countries, including Australia, have recruited medical graduates from overseas to increase GP 

supply in the short-term (WHO, 2010a). In the long-term countries often use a mix of immigration 

and other policies aimed at improving retention and increasing domestic training, to address 

structural imbalances between supply and demand (OECD, 2008, 2016). 
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A third possibility is to improve access to primary care by changing the mix of primary care health 

workers. Some studies suggest that primary care capacity could be increased by shifting care 

from doctors to nurses (T. S. Bodenheimer & Smith, 2013; Ghorob & Bodenheimer, 2012). 

However, high-quality evaluations of  the impact of nurses on primary care capacity and access 

to primary care services are still scarce (M. Laurant et al., 2005).   

Finally, a further policy response to increase GP labour supply could be to improve childcare 

options available to them. As demonstrated by the results for our first stage labour supply models 

and corroborated by evidence from several OECD countries, child-bearing reduces female 

doctors’ labour supply (British Medical Association, 2015; Cleland, Johnston, Anthony, Khan, & 

Scott, 2014; Wang & Sweetman, 2013). It is currently unclear the extent to which access to 

childcare impacts the labour supply decisions of female doctors, but this would appear to be an 

important avenue for further research. 
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APPENDIX TO CHAPTER 2 
 

Table 2.A 1: Sample selection 

Total observations in MABEL waves 1-7 24,609 

Dropped 10,065 

Final sample 14,544 

Reasons for dropping:  
 

Missing information on total hours worked 997 

Missing information on waiting time 1,708 

Conflicting information on reported working hours  970 

Reports weekly total hours more than 75 or less than 4 299 

Reports average waiting time greater than 30 days  330 

Missing information on covariates that enter waiting time equation or family characteristics 
variables (used to construct instruments)  

4,196 

GPs having two or fewer observations across seven waves 1,565 

TOTAL  10,065 

 

 
 
 

Table 2.A 2: Descriptive statistics by gender, pooled across years (2008-2014) 

  Female GPs Male GPs   
 (N=7,211, n=1,786) (N=7,333, n=1,775) 

Variable Mean S D S D S D Mean S D S D S D 

    Overall Between Within   Overall Between Within          

Waiting time for you in practice 4.28 5.55 4.80 2.83 3.76 5.64 5.16 2.61 

Total hours worked per week 31.64 12.20 11.18 5.11 43.35 12.35 11.21 5.40 

Hours worked in direct patient care per week  25.79 10.63 9.76 4.54 36.47 11.26 10.21 5.29 

No. of patients (visits) seen per week 85.38 45.41 41.13 20.37 135.21 56.47 51.95 25.33          

Personal characteristics 
        

Age: Under 35 0.12 0.33 0.34 0.14 0.05 0.22 0.23 0.10 

Age: 35-39 0.14 0.34 0.29 0.21 0.08 0.26 0.23 0.15 

Age: 40-44 0.15 0.36 0.28 0.23 0.10 0.29 0.24 0.19 

Age: 45-49 0.17 0.38 0.29 0.25 0.14 0.35 0.27 0.23 

Age: 50-54 0.18 0.38 0.28 0.26 0.18 0.39 0.29 0.26 

Age: 55-59 0.13 0.34 0.25 0.22 0.18 0.39 0.29 0.26 

Age: 60-64 0.08 0.26 0.20 0.17 0.13 0.33 0.25 0.22 

Age: 65 or over  0.03 0.18 0.16 0.09 0.14 0.35 0.33 0.14 

Length of std. private consultation  16.89 4.16 3.70 2.05 14.76 3.52 3.19 1.70 

Australian medical graduate 0.78 0.42 0.44 0.00 0.71 0.45 0.47 0.00 

Have post graduate qualification/Fellowship 0.64 0.48 0.45 0.18 0.58 0.49 0.47 0.15          

Practice characteristics 
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Tenure in practice (years) 7.02 7.82 7.17 2.73 10.94 11.09 10.46 3.62 

Total no. of GPs in the practice 7.99 4.02 3.69 1.86 7.53 4.30 3.94 1.97 

% of patients bulk-billed 56.10 30.51 27.84 12.89 64.94 29.15 27.12 11.67 

No. of nurses in the practice 2.34 1.86 1.65 0.93 2.45 1.94 1.76 0.90 

No. of allied health prof. & administrative staff in 
practice 

6.26 4.10 3.45 2.36 6.09 4.30 3.71 2.39 

Employment type: Principal or partner 0.16 0.36 0.33 0.15 0.41 0.49 0.44 0.21 

Employment type: Associate 0.09 0.29 0.22 0.18 0.12 0.32 0.26 0.19 

Employment type: Salaried or Contracted employee 0.71 0.45 0.39 0.23 0.43 0.50 0.45 0.23 

Employment type: Locum or other 0.04 0.19 0.14 0.14 0.04 0.20 0.17 0.12          

Area characteristics 
        

Location: City 0.71 0.45 0.44 0.14 0.62 0.49 0.47 0.13 

Location: Regional 0.27 0.44 0.43 0.14 0.35 0.48 0.46 0.13 

Location: Remote 0.02 0.15 0.15 0.06 0.03 0.18 0.18 0.05 

SEIFA Index 1028.62 74.51 71.01 25.19 1003.77 72.29 68.86 21.19 

Percent of population under 5 yrs of age 5.98 1.42 1.34 0.56 6.08 1.37 1.29 0.48 

Percent of population above 65 yrs of age 13.52 4.78 4.47 1.78 14.26 5.10 4.90 1.55 

Min. distance to emergency department 4.62 3.44 3.16 1.37 4.62 3.62 3.41 1.19 

Ratio of GPs to population (per 1,000) 1.47 0.89 0.76 0.41 1.32 0.77 0.67 0.37          

Instruments 
        

Single 0.10 0.30 0.27 0.15 0.07 0.25 0.22 0.14 

No dep. children, partner doesn't work or works part 
time 

0.10 0.30 0.26 0.15 0.28 0.45 0.39 0.22 

No dep. children, partner works full time 0.14 0.35 0.31 0.20 0.08 0.28 0.23 0.17 

Dep. children ≤ 5, partner doesn't work 0.02 0.12 0.09 0.08 0.04 0.19 0.16 0.12 

Dep. children  ≤ 5, partner works part time 0.02 0.13 0.09 0.09 0.03 0.18 0.14 0.12 

Dep. children  ≤ 5, partner works full time 0.08 0.28 0.23 0.16 0.01 0.10 0.07 0.07 

Dep. children > 5, partner doesn't work or works part 
time 

0.13 0.34 0.28 0.20 0.37 0.48 0.41 0.26 

Dep. children  > 5, partner works full time 0.35 0.48 0.40 0.26 0.10 0.30 0.25 0.18 

Single, Dep. children  0.06 0.23 0.20 0.11 0.02 0.14 0.11 0.09 
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Table 2.A 3: Transition probabilities of GPs moving into different family types (instrument categories) 
each year 

          Instruments           

Instruments 1 2 3 4 5 6 7 8 9 Total 

  
         

  

1 71.22 8.31 8.68 0.12 0.5 0.37 4.96 3.47 2.36 100 

2 2.9 86.06 5.46 0.06 0.11 0.11 4.66 0.34 0.28 100 

3 5.48 13.03 69.88 0.19 0.09 0.57 3.59 6.99 0.19 100 

4 1.33 0.66 0 57.81 14.95 3.32 19.6 1.66 0.66 100 

5 2.09 1.05 0 10.8 50.17 8.71 20.56 5.23 1.39 100 

6 1.5 0 0.75 2.81 4.87 64.61 2.06 23.03 0.37 100 

7 1.58 7.94 0.45 0.24 0.2 0.08 80.85 7.73 0.93 100 

8 1.74 1.05 5.86 0.05 0.09 0.27 9.19 80.6 1.14 100 

9 11.5 0.27 1.87 0 0.27 0.53 4.55 6.15 74.87 100 

  
         

  

Total 8.4 19.88 10.8 2.36 2.35 4.1 25.62 22.78 3.7 100 

Notes: The rows reflect the values in period (𝑡) and the columns reflect the values in period (𝑡 + 1).  

Key 
Number Description 

1 Single GP 

2 No dep. children, partner doesn't work or works part time 

3 No dep. children, partner works full time 

4 Dep. children ≤ 5, partner doesn't work 

5 Dep. children ≤ 5, partner works part time 

6 Dep. children ≤ 5, partner works full time 

7 Dep. children > 5, partner doesn't work or works part time 

8 Dep. children > 5, partner works full time 

9 Single, Dep. children  
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Table 2.A 4: First stage results by gender– Effect of family characteristics on total hours worked per week 

  Female GPs Male GPs 

Independent variables IV FEIV IV FEIV 

  (1) (2) (3) (4)  
        

Instruments         

No dep. children, partner doesn't work or works part time [Excl: 
Single GP] 

-2.626*** (1.003) -0.260 (0.688) -1.341 (0.928) 0.203 (0.550) 

No dep. children, partner works full time -1.642* (0.867) 1.360** (0.638) 0.462 (0.928) 1.103* (0.597) 

Dep. children ≤ 5, partner doesn't work -2.249 (1.762) -1.607 (1.250) -0.334 (1.078) -0.853 (0.788) 

Dep. children ≤ 5, partner works part time -8.988*** (1.523) -4.635*** (1.075) -1.978* (1.190) -1.118 (0.773) 

Dep. children ≤ 5, partner works full time -12.958*** (0.894) -6.552*** (0.733) -0.811 (2.149) -3.083*** (0.914) 

Dep. children > 5, partner doesn't work or works part time -3.434*** (0.854) -1.760*** (0.648) 1.214 (0.832) 0.001 (0.513) 

Dep. children > 5, partner works full time -8.251*** (0.770) -3.054*** (0.607) 2.043** (0.941) 0.490 (0.596) 

Single, Have dep. children  -3.349*** (1.021) -1.633* (0.876) 1.779 (1.674) 0.037 (1.082)  
        

Covariates Yes  Yes  Yes  Yes  

Year fixed effects Yes  Yes  Yes  Yes  

GP fixed effects  No  Yes  No  Yes  
 

        

Observations 7,211  7,211  7,333  7,333  

Centered R2 0.2939  0.0835  0.2731  0.0893  

Number of GPs 1,786  1,786  1,775  1,775  
 

        

Important statistics         

F-stat of excluded instruments [P-value] 42.85 [0.000]  14.74 [0.000]  4.247 [0.000]  2.794 [0.004]  

Partial R-squared of excluded instruments 0.100  0.038  0.011  0.003  

Underidentification test P-value 0.000  0.000  0.000  0.023  

Endogeneity test P-value 0.007  0.009  0.170  0.216  

Notes: Robust std. errors clustered on GP in parenthesis. Coefficients for covariates, year effects and constant are omitted ***, **, * indicate significance at 1%, 5% and 10% 
respectively 
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Table 2.A 5: Waiting time regression results, excluding bulk-billing variable from covariates 

  (1) (2) (3) (4) 

Independent variables OLS GP fixed effects IV FEIV 

              
  

Total hours worked per week 0.012*** (0.005) 0.006 (0.006) -0.066** (0.026) -0.124*** (0.043)          

Personal characteristics 
        

Female 0.870*** (0.172) - 
 

0.216 (0.300) - 
 

Age: 35-39 [Excl: Under 35 years] 0.616*** (0.202) 0.272 (0.277) 0.499** (0.228) 0.146 (0.280) 

Age: 40-44 0.896*** (0.232) 0.272 (0.386) 0.741*** (0.267) 0.351 (0.387) 

Age: 45-49 0.968*** (0.226) 0.209 (0.451) 1.000*** (0.245) 0.617 (0.467) 

Age: 50-54 0.962*** (0.225) 0.139 (0.493) 1.136*** (0.245) 0.689 (0.524) 

Age: 55-59 0.567** (0.233) -0.316 (0.545) 0.752*** (0.248) 0.300 (0.585) 

Age: 60-64 0.428* (0.246) -0.486 (0.600) 0.412 (0.279) -0.122 (0.626) 

Age: 65 or over  0.027 (0.288) -0.803 (0.694) -0.656 (0.412) -0.913 (0.709) 

Length of std. private consultation (min) 0.153*** (0.015) 0.095*** (0.018) 0.253*** (0.020) 0.081*** (0.019) 

Australian medical graduate 1.169*** (0.154) - 
 

0.736*** (0.171) - 
 

Have post graduate qualification/Fellowship 0.716*** (0.128) 0.567*** (0.193) 0.698*** (0.162) 0.464** (0.204)          

Practice characteristics 
        

Tenure in practice (years) 0.158*** (0.017) 0.137*** (0.023) 0.180*** (0.021) 0.150*** (0.024) 

Tenure in practice (years) squared -0.003*** (0.001) -0.003*** (0.001) -0.004*** (0.001) -0.003*** (0.001) 

Total no. of GPs in the practice 0.036** (0.017) 0.004 (0.020) 0.063** (0.024) -0.005 (0.021) 

No. of nurses in the practice 0.164*** (0.037) 0.116*** (0.043) 0.226*** (0.054) 0.118*** (0.044) 

No. of allied health prof. & admin. staff in practice 0.003 (0.012) -0.011 (0.013) 0.055*** (0.021) -0.013 (0.013) 

Employment type: Associate [Excl: Principal or partner] -0.201 (0.183) -0.123 (0.205) -0.685** (0.333) -0.405* (0.234) 

Employment type: Salaried or Contracted employee -0.732*** (0.162) -0.447** (0.208) -1.705*** (0.304) -0.864*** (0.260) 

Employment type: Locum or other -0.876*** (0.208) -0.581** (0.247) -2.102*** (0.390) -1.017*** (0.301)          

Area level characteristics 
        

Location (ASGC): Regional [Excl: City] 1.795*** (0.172) 1.597*** (0.286) 1.931*** (0.210) 1.709*** (0.297) 

Location (ASGC): Remote  1.553*** (0.423) 1.119** (0.512) 2.181*** (0.645) 1.510** (0.604) 

SEIFA Index -0.007*** (0.001) -0.003* (0.001) -0.010*** (0.001) -0.003** (0.002) 

Percent of population under 5 yrs of age -0.052 (0.047) -0.043 (0.062) -0.036 (0.064) -0.039 (0.066) 

Percent of population above 65 yrs of age 0.058*** (0.015) 0.048** (0.024) 0.060*** (0.016) 0.050** (0.025) 

Min. distance to emergency department -0.056*** (0.018) -0.042 (0.025) -0.088*** (0.024) -0.056** (0.028) 

Ratio of GPs to population (per 1,000) -0.180*** (0.070) -0.117 (0.086) -0.342*** (0.091) -0.087 (0.087)          

Year fixed effects Yes 
 

Yes 
 

Yes 
 

Yes 
 

GP fixed effects No 
 

Yes 
 

No 
 

Yes 
 

         

Observations 14,544 
 

14,544 
 

14,544 
 

14,544 
 

R-squared 0.185 
 

0.030 
 

0.164 
 

- 
 

Number of GPs 3,561 
 

3,561 
 

3,561 
 

3,561 
 

         

First Stage statistics 
        

F-stat of excluded instruments [P-value] 
    

40.84 [0.000] 
 

17.16 [0.000] 
 

Partial R-squared of excluded instruments 
    

0.048 
 

0.018 
 

Underidentification test P-value 
    

0.000 
 

0.000 
 

Endogeneity test P-value         0.000   0.001   

Notes: Robust std. errors clustered on GP in parenthesis. Coefficients for covariates, year effects and constant are omitted ***, 
**, * indicate significance at 1%, 5% and 10% respectively 
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Table 2.A 6: Sensitivity to different waiting time cut-offs 

 (1) (2) 

Waiting time cut-offs IV FEIV 
     

Dropping GP-year observations in top and bottom 1% of waiting time distribution -0.073** (0.029) -0.178*** (0.051) 

(N=14,697) [F = 41.05] [F = 16.89] 
     

Dropping GP-year observations if waiting time > 25 days (N=14,287) -0.062*** (0.021) -0.129*** (0.037) 

(3% of non-missing observations on waiting time dropped) [F = 40.15] [F = 16.79] 
     

Dropping GP-year observations if waiting time > 15 days (N=13,781) -0.047*** (0.016) -0.074*** (0.028) 

(6.2 % of non-missing observations on waiting time dropped) [F = 38.86] [F = 16.47] 
     

Baseline: Dropping GP-year observations if waiting time > 30 days (N=14,544) -0.066** (0.026) -0.125*** (0.043) 

(1.6% of non-missing observations on waiting time dropped) [F = 41.09] [F = 17.16] 
     

Notes: The table only presents the coefficients on the total hours worked per week. In all models the outliers/cut-offs for total 
hours worked is defined as the baseline specification, i.e. GP-year observations were excluded if total hours worked per week 
were below 4 hours or greater than 75 hours. Complete tables are available on request. ***,**,* indicate significance at 1%, 5% 
and 10%. F-statistic for the excluded instruments in the first stage are in square brackets. 
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3 ROLE OF NURSES IN IMPROVING ACCESS TO GENERAL 

PRACTITIONERS: EVIDENCE FROM THE PRACTICE NURSE 

INCENTIVE PROGRAM 
 

 
 
 

 

Abstract: Rising demand for primary care and increasing pressure to contain costs, has made 

access to quality primary care services a high-priority concern globally. One of the key responses 

by policymakers has been to promote multidisciplinary and team-based care, particularly 

promoting and supporting the role of nurses in general practice. Many OECD countries have been 

providing financial incentives to general practices to work with nurses and expand their role in 

the delivery of primary care. However, there is very limited research examining the impact of 

nurses on access to primary care. This study evaluates the effect of a capitation-based incentive 

program in Australia that encourages general practices to employ nurses, on access to GP 

services as measured by waiting times. Using a variety of panel data methods as well as Heckman 

selection model, we find no robust evidence that participation in the Practice Nurse Incentive 

Program is associated with a statistically significant reduction in the average waiting times in 

general practices.  

Keywords: primary care; waiting times; practice nursing; financial incentives; MABEL Survey 
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3.1 Introduction 

Primary care is the first level of contact between individuals and the health system. Ensuring that 

the population receive primary care services when and where they need them is a vital element 

of a quality health care system (WHO, 2013). However, in many developed countries, including 

Australia, health systems are facing challenges in ensuring timely access to primary care services. 

For example, in 2016-17 around 25% of Australians reported waiting more than 24 hours to see 

a general practitioner (GP) for their recent urgent medical care (Australian Bureau of Statistics, 

2017). Delays in receiving primary care not only results in a risk of deterioration of patients’ 

health but can also increase hospital or emergency department (ED) use (Bindman et al., 1995; 

Cowling et al., 2013; Dolton & Pathania, 2016) which is costly. 

The health needs of the community are changing with an ageing population and growing burden 

of chronic and complex diseases. This has led to a rise in the demand for primary care. In 2016, 

chronic diseases accounted for around 30% of all the problems managed in Australian general 

practice (Australian Institute of Health and Welfare, 2016; H. Britt et al., 2016). At the same time, 

there is increasing pressure to contain costs (Crossley et al., 2009; Kirch & Vernon, 2008; Sarma 

et al., 2011). In response to these emerging pressures, governments and policymakers in many 

OECD countries have been enacting measures to promote team-based primary care, with the 

hope that it would shift care from GPs to other health professionals, especially nurses (Freund et 

al., 2015).   

In countries like the United States (U.S.), the United Kingdom (U.K.), New Zealand and Australia, 

governments have been providing financial incentives to general practices to employ nurses and 

expand their role in the delivery of primary health care services (Hoare et al., 2012).  As a result, 

practice nurses have emerged as the principal provider of non-GP primary care in these countries 

(Horrocks, Anderson, & Salisbury, 2002; Catherine M Joyce & Leon Piterman, 2011; Poot, 2014). 

While several reviews of the available research indicate that nurses can provide as high-quality 

care as primary care doctors, all concluded that there is insufficient evidence on the impact of 

primary care nurses on outcomes such as productivity, cost and accessibility to health services 

(Bonsall & Cheater, 2008; Casey et al., 2017; Keleher, Parker, Abdulwadud, & Francis, 2009; M. 
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Laurant et al., 2005). There is a particular dearth of research looking at the impact of nurses on 

access to GP services, and this is despite the fact that in the face of workforce pressures, using 

practice nurses is often seen as a means of increasing service capacity and improving access to 

primary care (T. S. Bodenheimer & Smith, 2013; Ghorob & Bodenheimer, 2012; Newhouse et al., 

2012; Sibbald, Laurant, & Reeves, 2006). The extent to which employing nurses can improve 

access depends largely on the scope of the nurses’ role in primary care – whether they are 

complements or substitutes to the role of GPs. The limited available research suggests that 

employment of nurses has the potential to reduce GPs’ workload and hence potentially improve 

access. However, achieving such reductions is context dependent (Lattimer et al., 1998; M. G. 

Laurant, Hermens, Braspenning, Sibbald, & Grol, 2004).26 Shifting care from GPs to nurses also 

depends on the willingness of GPs to give up tasks as well as the ability and the capacity of nurses 

to perform these tasks (Freund et al., 2015).  

Funding structures can have a significant impact on the roles of nurses (Hoare et al., 2012; Pearce 

et al., 2011). An evaluation of the experiences with the development of advanced practice 

nursing in 12 OECD countries highlighted that development of advanced practice nursing is 

facilitated by a move away from individual-based fee-for-service payments to group-based 

payment remuneration models (Delamaire & Lafortune, 2010).  

The primary care landscape has also been changing in Australia, with a movement away from 

solo GPs towards multidisciplinary care teams (Freund et al., 2015). The nursing role in Australian 

general practice has undergone significant expansion over the past decade (Halcomb, 

Salamonson, Davidson, Kaur, & Young, 2014), with the government introducing a series of 

incentives to encourage and support the employment of nurses in general practices. The Nursing 

in General Practice (NiGP) initiative was launched in 2001 in the context of significant shortages 

in the GP workforce (C. M. Joyce & L. Piterman, 2011). Under this initiative, the government 

introduced the Practice Incentive Program (PIP) Practice Nurse Incentive payments in rural and 

remote Australia; provided funding for training and professional support of practices nurses; and 

introduced the Remote and Rural Re-entry and Up-skilling Scholarship Scheme (Department of 

                                                           
26 For example, it depends on whether the nurses meet previously unmet demand or create demand for care where previously 
there was none (M. Laurant et al., 2005).   
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Health and Ageing, 2005). From 2001 to 2011, nursing incentives payments (under the PIP) were 

available only to practices in rural/remote and workforce shortage areas (Parliament of Australia, 

2007). Moreover, during this period the development of nurse’s role was primarily driven by task-

based work under the supervision of GPs, based on remuneration for specific nursing services on 

the basis of fee-for-service (McKenna, Halcomb, Lane, Zwar, & Russell, 2015). This was for the 

provision of immunization, wound care, pap smears and a limited number of preventive health 

activities. In 2012, most fee-for-service payments and PIP practice nurse incentives were ceased, 

and the government introduced the Practice Nurse Incentive Program (PNIP) to provide 

capitation-based payments to general practices across Australia to support the employment of 

nurses and hopefully encourage comprehensive care (Australian Primary Health Care Nurses 

Association, 2012; Pearce et al., 2011). Data from the Australian Institute of Health and Welfare 

(AIHW) show that the nursing workforce in Australian general practice has increased from around 

9,165 in 2012 to 11,040 in 201527 with almost 85 percent of general practices now employing 

nurses (H. Britt et al., 2016). This suggests that appropriate financial incentives and funding 

arrangements can drive the expansion of nurse-led care in general practices and improve the 

quality and efficiency of primary care (Hoare et al., 2012; Sibbald, 2008).  

However, we have a very limited understanding of the impact of financial incentives and funding 

arrangements that support employment of nurses on access to primary care services, particularly 

GP services. An earlier evaluation of the Australian Nursing in General Practice (NiGP) initiative 

suggested that practice nurses can help increase throughput and reduce waiting times 

(Healthcare Management Advisors, 2005; Parliament of Australia, 2007). However, the 

evaluation was primarily qualitative in nature, and the conclusions were based on descriptive 

results from 12 case studies of general practices. Qualitative or descriptive studies can only 

inform about the associations between the use of nurses and access to health services, they offer 

little insights into the causal links between the two. Descriptive studies do not take into account 

the endogeneity that might arise due to the unobserved factors that might be correlated with 

both the decision of the practice to work with nurses and the health outcomes. Therefore, a 

                                                           
27 http://www.aihw.gov.au/workforce-data/ 
 

http://www.aihw.gov.au/workforce-data/
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stronger evidence base is needed to have a better understanding of the role of practice nurses 

in improving access to GP services. 

This study contributes to the literature by being the first to directly examine the effect of a nurse 

incentive program on waiting times for GPs using longitudinal data and methods. Like any public 

health care system where patients face zero or below market clearing prices, the Australian 

public health system rations demand for health services by waiting times, and hence waiting 

times are an important measure of access to care (Martin & Smith, 1999; Siciliani et al., 2013; 

Siciliani & Hurst, 2003). The Australian government recognizes improving access to primary care 

as one of the key objectives of nursing initiatives (Healthcare Management Advisors, 2005; 

Parliament of Australia, 2007) and therefore, policymakers will want to determine whether 

practices participating in nursing incentive schemes are able to provide better access to GP 

services in terms of lower waiting times.  

In this study, we examine the effect of participation by general practices in the Practice Nurse 

Incentive Program (PNIP) on GP waiting times. We make use of the fact that with the introduction 

of PNIP, general practices in metropolitan areas receive nursing incentives for the first time. 

Exploiting this exogenous change and using longitudinal data from the Medicine in Australia: 

Balancing Employment and Life (MABEL) survey of Australian doctors, we test the hypothesis that 

participation in PNIP reduces GP waiting times.  

The MABEL survey provides unique information on waiting times in general practices and their 

participation in PNIP. We use data from the first seven waves, 2008-2014, including four years 

before and three years after PNIP and focus on metropolitan practices. A key threat to 

identification is the endogeneity that arises due to self-selection of practices into the incentive 

program. Self-selection is an issue because participation in PNIP is voluntary and so, general 

practices that decided to participate in PNIP may be different from those that did not participate 

in ways we cannot observe. This makes it difficult to disentangle the effects of PNIP from the 

unobserved characteristics of the practices that could influence both waiting times and the 

decision to participate in the program. The longitudinal nature of the MABEL data allows us to 

estimate a variety of panel data models to address the issue of self-selection.  
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Therefore, by providing new empirical evidence on the impact of a large-scale incentive program 

in Australia that aims to encourage general practice nursing on access to GP services, this study 

contributes to the existing literature on doctor-nurse relationships in primary care and the 

literature on the impact of financial incentives on a key dimension of access to healthcare. 

The remainder of the chapter is structured as follows: Section 3.2 describes the institutional 

context and the PNIP. Section 3.3 presents the conceptual framework describing how the 

program might affect waiting times. Section 3.4 discusses the empirical methodology, and 

Section 3.5 describes the data and presents the descriptive analyses. Section 3.6 presents the 

regression results and Section 3.7 concludes with a discussion of the results.  

3.2 Institutional context and the Practice Nurse Incentive Program 

In Australia, general practices are primarily private businesses with various ownership 

arrangements and operate on a fee-for-service basis. The fees patients pay to GPs are subsidised 

by Medicare, Australia’s national tax-financed health insurance scheme. Medicare sets out fixed 

subsidies or rebates for a range of GP services in the Medicare Benefits Schedule (MBS) and GPs 

are free to set the level of their fees at or above the MBS rebate, which acts as a floor price. When 

the GP sets the fee equal to the rebate amount, the patient makes no out of pocket payment, 

known as ‘bulk-billing’. Medicare provides higher rebates if the GP bulk-bills Commonwealth 

Concession Card holders and children under 16 years of age (Department of Human Services, 

2015a).28 Overall, around 80 percent of GP services are bulk-billed in Australia (Department of 

Health, 2017).  

Additional grants and payments are provided to general practices by the government through 

various incentive schemes and programs. For example, incentives are provided through the 

Practice Incentive Program (PIP) for the management of chronic diseases such as diabetes and 

asthma and for providing after-hours care and aged care to patients. The Practice Nurse Incentive 

Program (PNIP) was introduced to support practice nursing in primary care and can be claimed 

                                                           
28 Concession cards provide access to Pharmaceutical Benefits Scheme prescription items, and certain Medicare services, at a 

cheaper rate. There are six types of concession cards provided by the government – Health Care Card, Commonwealth Seniors 
Health Card, Low Income Health Care Card, Pensioner Concession Card, Ex-Carer Allowance (Child) Health Care Card, Foster Child 
Care Card. For more details see: https://www.humanservices.gov.au/customer/subjects/concession-and-health-care-cards 

https://www.humanservices.gov.au/customer/subjects/concession-and-health-care-cards
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by both registered PIP and non-PIP practices. In most incentives schemes, including PNIP, total 

payments are further increased for practices in rural and remote areas (between 15-50 %). 

Patients are free to choose any general practice and can visit any GP of their choice as there is no 

compulsory patient list or registration system. The majority of GPs (more than 90%) work in group 

practices (H. Britt et al., 2015) which are typically characterized by a private group practice 

comprising GPs, practice nurses and allied health professionals. 

3.2.1 The Practice Nurse Incentive Program 

The Practice Nurse Incentive Program (PNIP) was launched in January 2012 to encourage general 

practices to employ practice nurses. The program provided around AUD 400 million over four 

years for nursing in general practices and replaced the prior Practice Incentive Program (PIP) 

practice nurse incentive and 6 of the Medicare Benefits Schedule (MBS) practice nurse items 

covering immunization, wound management, pap smears and preventive health checks. Table 

3.1 presents the main features of the prior PIP practice nurse incentive and compares it with 

PNIP. With the introduction of PNIP, the geographic restrictions on practice nurse incentives that 

were applicable under PIP were lifted by extending the incentives to general practices across 

Australia, including those in urban areas as well as Aboriginal Medical Services and Aboriginal 

Community Controlled Health Services. According to the 2015 Primary Health Care Nurse 

Workforce survey, around 78 percent of general practices were claiming PNIP payments for the 

employment of nurses in 2014-15 (Australian Primary Health Care Nurses Association, 2015). 

Incentive payments under PNIP are based on a patient activity indicator, the Standardized Whole 

Patient Equivalent (SWPE), and the number of full-time equivalent practice nurses employed by 

each practice.  The SWPE value of a practice is the sum of the fractions of care provided to 

patients visiting GPs in that practice, weighted for the age and gender of each patient.29 SPWEs 

account for the possibility that each patient can visit more than one practice. PNIP provides 

incentive payments of $25,000 per 1,000 SWPE (per annum) where a Registered Nurse and/or 

                                                           
29 As a guide, the average full-time general practitioner (GP) has a SWPE value of around 1,000 each year. For more information 

visit https://www.humanservices.gov.au/organisations/health-professionals/enablers/calculating-swpe-value 

https://www.humanservices.gov.au/organisations/health-professionals/enablers/calculating-swpe-value
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allied health professional (where applicable30) works at least 12 hours 40 minutes per week, and 

$12,500 per 1,000 SWPE (per annum) where an Enrolled Nurse and/or Aboriginal Health Worker 

works at least 12 hours 40 minutes per week. The incentive payments are capped at five per 

practice which means that practices are eligible to receive up to $125,000 annually.  

To account for the different working hours of GPs and practice nurses, the payments are paid pro 

rata. For example, a practice with an SWPE value of 1,200 will receive 1.2 of the payment amount, 

if it employs or otherwise retains the services of a practice nurse who works at least 15 hours 12 

minutes (1.2 x 12 hours 40 minutes) per week. So, if such a practice has a registered nurse 

working for 15 hours 12 minutes, this would result in a payment of $30,000 ($25,000 x 1.2) per 

year or $7,500 per quarter.31 If this is not the case, the practice will be paid an amount pro rata. 

For example, if the practice nurse works only 10 hours per week, the incentive amount will be 

based on those hours worked. Therefore, the incentive payments received by practice is 

determined both by the SPWE, which reflects the size of the practice, and the practice nurse 

hours.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

                                                           
30 The incentives for allied health professionals are only available to practices in areas of workforce shortage, Aboriginal Medical 

Services and Aboriginal Community Controlled Health Services. 
31 There is no difference in payments based on whether the incentive payments are used to employ a new nurse(s) or to retain 

the services of already employed nurse(s). The payments are based on number of hours worked by nurse. 
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Table 3. 1: PIP Nurse Incentive and PNIP details 

Features PIP Nurse Incentive Practice Nurse Incentive Program 

Time period 2001 - 2011 2012 onwards 

Main eligibility criteria • Practice must be registered to 
participate in PIP (means had to be 
accredited) 

• Must be located in RRMA a 
classifications 3-7 or in urban areas 
of workforce shortage or in AMS a 
participating in PIP a 

 

• Accredited under RACGP a 

• Available to all practices that are 
accredited or registered for 
accreditation 

• Available to practices in any 
geographic location 

Basis of funding SWPE SWPE and hours worked by PNs 

Funding • $8,000 per 1,000 SPWE (per 
annum) up to maximum of $40,000 
per practice 

• No difference in funding for 
enrolled and registered nurses 

• For practice with SPWE of 0-1499 – 
PN must be available for two 
sessions per week. For practices 
with SPWE greater than 1499, the 
requirement increases by one 
session for each additional 500 
SPWEs.  

• $25,000 per 1,000 SPWE (per 
annum) where registered nurse 
works at least 12 hr 40 mins per 
week 

• $12,500 per 1,000 SPWE (per 
annum) where enrolled nurse 
works at least 12 hr 40 mins per 
week 

• Payments are capped at $125,000 
per practice 

Rural loading • Applicable to practices in RRMAs 3-
7 

• Between 15-50% (for all PIP 
payments) 

• Applicable to practices in ASGCs 2-5 
 

• Between 20-50% 

Other loadings and payments • No other loadings apply. • For AMS and ACCHS, SPWE values 
are increased by 50% 

• Practices that provide GP services 
to DVA entitled persons will be 
eligible for an annual per veteran 
payment 

• Top-up payments for first 3 years of 
PNIP (until 31 Dec 2014) to 
practices assessed as financially 
disadvantaged by removal of PIP 
Nurse Incentive and/or 6 MBS items 

Accreditation support No payments to support willing practices to 
get accredited 

One-off AUD 5000 Accreditation Assistance 
Payment which supports eligible non-
accredited practices to become accredited 
and join PNIP. 

PN MBS Items available Chronic Condition Check                10997 
Healthy Kids Check                          10986 
Aboriginal and Torres Strait  
Islander Health Check  
Follow-Up                                          10987 

Chronic Condition Check                   10997 
Healthy Kids Check                             10986 
Aboriginal and Torres Strait  
Islander Health Check Follow-Up     10987 
Antenatal service provided by 
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Antenatal                                           16400 
 
Immunisation                                    10993 
Wound Management                      10996 
Pap and Preventive Check              10994 
Pap > 4 Years and Preventive  
Check                                                   10995 
Pap Smear                                          10998 
Pap Smear > 4 Years                         10999 
 

midwives, PNs or AHWs                     16400 
Telehealth                                10983, 10984 

Sources: www.medicareaustralia.gov.au, www.amlalliance.com.au, (Department of Human Services, 2012). Notes: a- Full forms 
of the acronyms used in the table are – PIP-Practice Incentive Program, PNIP-Practice Nurse Incentive Program, RRMA-Rural, 
Remote and Metropolitan Areas, AMS-Aboriginal Medical Services, RACGP-Royal Australian College of General Practitioners, 
SPWE-Standardised Whole Patient Equivalent, PN- Practice Nurse, ASGC-Australian Standard Geographical Classification, ACCHS- 
Aboriginal Community Controlled Health Services, DVA- Dept. of Veterans affairs, AHW-Allied Health Workers. 

 

3.3 Conceptual framework 

To explain how nurses in a practice might influence waiting times, we use a simple framework of 

demand and supply of GP services similar to Chapter 2. Given the high bulk-billing rates for GP 

services in Australia (Department of Health, 2017), the model assumes that the practice is a bulk-

billing practice.32 The demand for consultations in practice is:33 

                                                   𝐷 = 𝐷(𝑊,𝑄; 𝑋, νd),         𝐷𝑊 < 0,𝐷𝑄 > 0                                         (1) 

where 𝑊 is the practice level waiting time and 𝑄 is a measure of the practice’s quality such as 

experience and qualifications of GPs in the practice. 𝑋 is a vector of exogenous demand side 

factors such as socio-economic status and the age distribution of local population which capture 

the health needs of the local population. It also includes exogenous factors such as availability of 

emergency departments and local GP density (a measure of competition). 𝜈𝑑 is the unobserved 

error which captures the effect of unmeasured factors that shift demand.  

On the supply side, a general practice can be thought of as a firm that produces primary care 

services (Scott, 2000). Reinhardt (1972) developed a production function framework where 

practice’s output is a function of GP labour input, non-GP labour inputs, capital input and practice 

characteristics. Studies like Gaynor and Pauly (1990); Sarma, Devlin, and Hogg (2010) have 

                                                           
32 In 2010-11 80.2% of GP services were bulk-billed and in 2016-17 the proportion was 85.7% (Department of Health, 2017). 
33 See (Cheraghi-Sohi et al., 2008; Gandhi et al., 1997; Gerard et al., 2008; Gravelle et al., 2003; Martin et al., 2003; Scott, 2000; 

Scott & Vick, 1999; Scott et al., 2003; Turner et al., 2007) for related literature and theoretical models. 

http://www.medicareaustralia.gov.au/
http://www.amlalliance.com.au/
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extended the framework to a behavioural setting where important factors like characteristics of 

GPs and financial incentives are included in the production function. We follow Gaynor and Pauly 

(1990); Olsen et al. (2013); Sarma et al. (2010) and define the practice’s behavioural production 

function as: 

                                                  𝑁 = 𝑁(𝐿, 𝑒(𝑅, 𝑍); 𝑋), 𝑁𝐺𝑃 > 0                                                          (2) 

where 𝑁 is the number of patient visits per week in the practice, a measure of practice output34, 

𝐿 denotes the labour input (both GP and non-GP labour input).35 𝑒(𝑅, 𝑍) refers to the practice 

productive efficiency which through the utility-maximisation process is assumed to be a function 

of factors related to the remuneration system or incentive scheme in place, 𝑅, and practice and 

GP-specific characteristics, 𝑍 (like GPs’ age, gender-mix, etc.). 𝑋 is again the vector of exogenous 

demand side factors that might affect the productive efficiency of a practice, for example, the 

age distribution of local population might affect productive efficiency through its effect on the 

patient case-mix or complexity. The remuneration system is defined as the combination of both 

GP and non-GP remuneration schemes and is likely to be endogenous since practices can self-

select into specific incentive schemes.  

The market clearing condition is that demand for consultation with the practice 𝐷(. ) equals the 

number of patient visits supplied by the practice 𝑁(. ), where demand adjusts via waiting time: 

                                                      𝐷(𝑊, 𝑄; 𝑋, νd) =  𝑁(𝐿, 𝑒(𝑅, 𝑍); 𝑋)                                                (3) 

Hence, the equilibrium waiting time is thus 

                                                         𝑊∗ = 𝑊∗(𝐿, 𝑒(𝑅, 𝑍), 𝑄; 𝑋, νd)                                                      (4) 

This study aims to examine the impact on waiting times of the Practice Nurse Incentive Program 

(PNIP), which could arise because of the incentive to employ more nurses and/or if a practice 

expands the role of nurses. However, it is important to understand that the impact of PNIP on 

waiting times depends critically on whether nurses act as complements or substitute to the role 

                                                           
34 Most studies of production in medical practices define output by number of patient visits (Gaynor & Pauly, 1990; Olsen et al., 

2013; Reinhardt, 1972; Sarma et al., 2010) since it is likely to be strongly correlated with the volume of services provided by the 
practice. 
35 Note that we are not making any assumptions about how GP and non-GP labour inputs combine to determine practice output.  



70 
 

of GPs. If nurses undertake tasks or provide services that GPs undertake then this substitution 

will free-up GPs’ time allowing them to undertake other activities. This may reduce waiting times 

for patients. On the other hand, if nurses provide extended or additional services which 

complement those provided by GPs, that might create additional demand or meet the previously 

unmet patient need, then this might not increase throughput directly and hence waiting times 

might remain unaffected or might even increase. Also, the presence of nurses are found to be 

positively associated practice quality (Griffiths, Maben, & Murrells, 2011; Griffiths, Murrells, 

Maben, Jones, & Ashworth, 2010), and that might increase demand and waiting times if patients 

are sensitive to quality. Therefore, overall the effect of participation in PNIP on access to GP 

services is ambiguous.  

Evidence on the doctor-nurse relationship from studies that estimate the production function of 

physician services is equivocal (Olsen et al., 2013; Reinhardt, 1972; Sarma et al., 2010). Reinhardt 

(1972), using data on American physicians, find that non-GP labour including nurses can serve as 

substitutes for GPs. More recent studies like Olsen et al. (2013), which use data on Danish 

physicians, find that nurses serve as complements with GP labour. This indicates that results are 

likely to be affected by the context of care and the institutional setting.  

3.4 Empirical method 

The central objective of this study is to examine the impact of the Practice Nurse Incentive 

Program (PNIP) on waiting times in general practices.  As discussed earlier, the key challenge for 

this analysis is the issue of self-selection of general practices in PNIP. If there are some practice-

related characteristics or factors that are unobserved/unmeasured in the data, which affect a 

practice’s decision to participate in the program and are also correlated with practice waiting 

times then this would result in a correlation between PNIP participation variable and the error 

term which would lead to biased estimates of the effect of PNIP. Such factors might include a 

practice’s willingness to provide better health outcomes for patients, the complexity of patients, 

mix of diseases such as higher incidence of chronic diseases.  

To understand the importance of self-selection due to unobserved practice heterogeneity and 

other unobserved confounding factors, we estimate a variety of panel data models: pooled OLS, 
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random effects and fixed effects models, and the Heckman selection model (J. J. Heckman, 1976, 

1978). Each model makes different untestable assumptions about the correlation between 

participation in PNIP and unobserved practice heterogeneity and other confounding factors.  

Pooled estimation does not allow for unobserved practice heterogeneity and ignores self-

selection. The random effects estimator allows for unobserved practice heterogeneity. However, 

unobserved heterogeneity is assumed to be uncorrelated with explanatory variables. This means 

that the random effects model assumes that PNIP participation is uncorrelated with unobserved 

practice heterogeneity. Therefore, this model rules out that self-selection depends on 

unobserved practice heterogeneity. 

The fixed effects estimator accounts for unobserved practice heterogeneity which is allowed to 

be correlated with explanatory variables. Therefore, the fixed effects model controls for 

unobserved time-constant practice characteristics or factors that might be correlated with both 

waiting times and PNIP participation.  

None of the above models accounts for unobserved time-varying factors that might be correlated 

with both participation in PNIP and waiting times. For example, if changes in the mix of diseases 

(e.g. higher incidence of chronic diseases) are positively correlated with both waiting times and 

participation in PNIP, then that would bias the coefficient on PNIP towards zero. Therefore, we 

also use the Heckman Selection method (J. J. Heckman, 1976, 1978). Heckman’s work has been 

extended to panel data by Wooldridge (1995). It derives an estimator that relies on the full 

parameterisation of the selection mechanism and requires specifying the functional form of the 

conditional mean of the individual effects in the equation of interest. It assumes normality of the 

errors in the selection equation but allows these errors to display arbitrary serial dependence 

and unconditional heteroscedasticity.  

The empirical strategy in this study follows the literature on panel data selection models 

(Semykina & Wooldridge, 2010; Wooldridge, 1995) and endogenous treatment effects models 

(Cameron & Trivedi, 2005; Wooldridge, 2010) where both the selection and the primary 

equations contain time-constant unobserved heterogeneity that is allowed to be correlated with 

observed variables.  
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The primary equation of interest examines the determinants of the average waiting time (𝑊𝑖𝑡) 

in days in practice 𝑖 in year 𝑡:  

    𝑊𝑖𝑡 = 𝛼𝑋𝑖𝑡 + 𝛽𝑃𝑁𝐼𝑃𝑖𝑡 + ∑ 𝜋𝑡𝑇𝑡𝑡 + 𝑐𝑖1 + 𝑢𝑖𝑡1 ,      𝑖 = 1, 2, … .𝑁 𝑎𝑛𝑑 𝑡 = 1, 2, … . 𝑇           (5) 

𝑋𝑖𝑡 is a vector of observed characteristics of the practice and the area where it is located that 

accounts for the effect of 𝑋 and 𝑍 from our theoretical model. 𝑋𝑖𝑡 also include measures of 

practice quality, 𝑄, (from the theoretical model) such as GPs’ experience and qualifications.  

𝑃𝑁𝐼𝑃𝑖𝑡 is the key variable of interest which is an indicator variable which takes value 1 in the year 

in which the practice participates in PNIP and 0 otherwise, so 𝛽 is the coefficient of primary 

interest. 𝑇𝑡 represents an indicator for year 𝑡 that controls for common temporal shocks that 

affect waiting times for all practices. 𝑐𝑖1 is the time-constant unobserved practice-specific factors 

or permanent component associated with waiting times, and 𝑢𝑖𝑡1 is the idiosyncratic error that 

includes unobserved time-varying factors affecting waiting times that are uncorrelated with 𝑋𝑖𝑡. 

We introduce self-selection in this framework by defining 𝑃𝑁𝐼𝑃 𝑖𝑡
∗  to be an unobserved latent 

variable representing participation by practice 𝑖 in PNIP in year 𝑡 as follows: 

                                                               𝑃𝑁𝐼𝑃𝑖𝑡
∗ = 𝛿𝑍𝑖𝑡 + 𝑐𝑖2 + 𝑢𝑖𝑡2              

                                                  and   𝑃𝑁𝐼𝑃𝑖𝑡 = 1[𝑃𝑁𝐼𝑃𝑖𝑡
∗ > 0], 𝑡 = 1,… , 𝑇                                      (6)   

where 𝑍𝑖𝑡 is the set of observed variables explaining participation by practice 𝑖 in PNIP in year 𝑡. 

𝑍𝑖𝑡 contains variables included in 𝑋𝑖𝑡, and in principal, could also include variables that are not in 

𝑋𝑖𝑡 (exclusion restriction(s)). In this study, given the structural formulation of the relationship 

between practice level waiting times and PNIP participation (Eqs. (5) and (6)), and the relevant 

policy framework, it is difficult to find a strong exclusion restriction. Therefore, in this study 𝑍𝑖𝑡 =

𝑋𝑖𝑡. 𝑐𝑖2 is the time-constant unobserved practice-specific factors or permanent component 

associated with participation in PNIP, and 𝑢𝑖𝑡2 is the idiosyncratic error that captures unobserved 

time-varying factors affecting PNIP participation that are uncorrelated with 𝑍𝑖𝑡. 

Self-selection might arise due to both the unobserved time-varying and time-constant factors in 

waiting time equation (5) and PNIP participation equation (6) being correlated. For example, 𝑐𝑖1 

and 𝑐𝑖2 in equations (5) and (6) may be positively correlated due to factors like the complexity of 
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patients which is likely to affect both waiting times and PNIP participation positively. The positive 

correlation may also arise due time-specific shocks. For example, an outbreak of flu in a year may 

increase waiting times, and at the same time, it may encourage practice to employ more nurses. 

In this case 𝑢𝑖𝑡1 and 𝑢𝑖𝑡2 would be positively correlated.  

In addition to the self-selection issue, endogeneity might also arise if the practice-specific time-

constant unobserved factors (𝑐𝑖1 , 𝑐𝑖2) are correlated with observed covariates. For example, if 

an unobserved factor, practice’s willingness to provide better health outcomes for patients, is 

correlated with practice characteristics such as experience and qualifications of GPs, and also 

correlated with demand and waiting times, then ignoring such correlation would bias the effect 

of these practice characteristics. And if practice characteristics are correlated with PNIP 

participation, the estimated coefficient of PNIP would also be inconsistent. Therefore, we use the 

Mundlak (1978) method suggested in the literature (Semykina & Wooldridge, 2010, 2017; 

Wooldridge, 1995), to model the practice specific time-constant unobserved factors in both the 

primary equation and the selection equation as a linear function of the time-averages of 

observed time-varying explanatory variables.36 

Specifically, we write 

                                                           𝑐𝑖1 = 𝜂1 + 𝛾1𝑧𝑖 + 𝑎𝑖1                  (7) 

𝑐𝑖2 = 𝜂2 + 𝛾2𝑧𝑖 + 𝑎𝑖2  

 

The vector 𝑧𝑖 = 𝑇−1 ∑𝑡=1
𝑇 𝑧𝑖𝑡 consists of time-averages of time-varying variables in (𝑍𝑖𝑡) and, and 

𝑎𝑖1 and 𝑎𝑖2 are time-constant unobserved factors that are assumed to be independent of (𝑍𝑖𝑡).  

                                                           
36 Application of the Mundlak (1978) to panel data selection models was first proposed by (Wooldridge, 1995). The approach has 

been used in several studies e.g. (Goodhue, Klonsky, & Mohapatra, 2010; Jäckle & Himmler, 2010; Papke & Wooldridge, 2008) 
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The Mundlak approach, therefore, helps to address the potential bias due to the non-zero 

correlation between time-constant unobservables and explanatory variables and hence is 

analogous to the fixed-effects estimation of simple linear models.37  

Under (7) the primary waiting time equation and the selection equation are determined as:  

                                   𝑊𝑖𝑡 = 𝜂1 + 𝛼
′𝑋𝑖𝑡 + 𝛽

′𝑃𝑁𝐼𝑃𝑖𝑡 + ∑ 𝜋𝑡𝑇𝑡𝑡 + 𝛾1𝑧𝑖 + 𝑣𝑖𝑡1                        (8a) 

                            𝑃𝑁𝐼𝑃𝑖𝑡 = 1[𝜂2 + 𝛿
′𝑍𝑖𝑡 + 𝛾2𝑧𝑖 + 𝑣𝑖𝑡2 > 0]                                              (8b)  

where 𝑣𝑖𝑡1 = 𝑎𝑖1 + 𝑢𝑖𝑡1 and 𝑣𝑖𝑡2 = 𝑎𝑖2 + 𝑢𝑖𝑡2.  

The model, therefore, assumes that (𝑍𝑖𝑡) and the composite errors (𝑣𝑖𝑡1, 𝑣𝑖𝑡2) are independent. 

However, as discussed earlier, 𝑣𝑖𝑡1 and 𝑣𝑖𝑡2 could be correlated because self-selection is likely to 

be related to unobserved factors affecting waiting times. Therefore, to allow for this correlation 

some parametric assumptions are made about the joint distribution of (𝑣𝑖𝑡1, 𝑣𝑖𝑡2). So, 

(𝑣𝑖𝑡1, 𝑣𝑖𝑡2) are assumed to have a bivariate normal distribution with zero mean and correlation 

𝜌, that is, (𝑣𝑖𝑡1, 𝑣𝑖𝑡2)~𝑁(0, Δ), Δ = [
𝜎2 𝜌𝜎
𝜌𝜎 1

], where 𝑉𝑎𝑟(𝑣𝑖𝑡1) = 𝜎
2 and without loss of 

generality 𝑉𝑎𝑟(𝑣𝑖𝑡2) is normalized to 1. Therefore, by allowing (𝑣𝑖𝑡1, 𝑣𝑖𝑡2) to be correlated across 

waiting time equation and selection equation, this approach accounts for both time-constant 

unobserved factors (𝑎𝑖1, 𝑎𝑖2) and time-varying unobserved factors (𝑢𝑖𝑡1, 𝑢𝑖𝑡2) that might be 

correlated with both PNIP participation and waiting times. However, it is important to recognize 

that because we don’t have an exclusion restriction, the identification of the model relies on 

functional form restrictions on the joint distribution of error processes (𝑣𝑖𝑡1, 𝑣𝑖𝑡2). This is not 

ideal, and it would be preferred if a clear exclusion restriction could be identified. However, 

economic theory seldom provides guidance on such variables and hence exclusion restrictions 

may be arbitrary. Also, it is important to note that merely having an exclusion restriction does 

not solve the problem, the validity and the quality (explanatory power) of the excluded variables 

also matters. As mentioned earlier, we could not find a strong exclusion restriction that only 

                                                           
37 Mundlak (1978) shows that including time means of explanatory variables in linear models without selection is equivalent to 

Fixed effects estimation. 
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affects PNIP participation but not practice waiting times, and therefore we rely on functional 

form restrictions for identification.  

Since we are trying to estimate the structural relationship between practice level waiting times 

and PNIP participation and a reduced form for the selection equation, we estimate a limited 

information maximum likelihood (LIML) estimator. We employ the Heckman two-step estimator 

(J. J. Heckman, 1976, 1978). Using the Heckman two-step estimator (J. J. Heckman, 1976, 1978) 

has several other advantages. First, there is evidence that the two-step estimator is more robust 

than a full information maximum likelihood (FIML) estimator to deviations from the assumed 

error distribution and hence will be consistent even if the joint-normality of 

(𝑣𝑖𝑡1, 𝑣𝑖𝑡2) hypothesis fails. Second, it remains consistent in the face of classical measurement 

error in the outcome, while FIML does not. Third, FIML estimator may have convergence issues 

in the absence of exclusion restrictions (Leung & Yu, 2000; Puhani, 2000).  

Under normality, 𝑣𝑖𝑡1 and 𝑣𝑖𝑡2 are linked as  

𝑣𝑖𝑡1 = 𝜇𝑣𝑖𝑡2 + 𝑒𝑖𝑡1 

where 𝜇 =  𝜌𝜎 and 𝑒𝑖𝑡1 is independent of 𝑍𝑖  and 𝑣𝑖𝑡2 and has zero mean. Therefore, 

                         𝑊𝑖𝑡 = 𝜂1 + 𝛼
′𝑋𝑖𝑡 + 𝛽

′𝑃𝑁𝐼𝑃𝑖𝑡 + ∑ 𝜋𝑡𝑇𝑡𝑡 + 𝛾1𝑧𝑖 + 𝜇𝑣𝑖𝑡2 + 𝑒𝑖𝑡1                      (9) 

We can take the expectation of Eq. (9)  

 𝐸(𝑊𝑖𝑡|𝑍𝑖, 𝑃𝑁𝐼𝑃𝑖𝑡) = 𝜂1 + 𝛼
′𝑋𝑖𝑡 + 𝛽

′𝑃𝑁𝐼𝑃𝑖𝑡 + ∑ 𝜋𝑡𝑇𝑡𝑡 + 𝛾1𝑧𝑖 + 𝜇𝐸(𝑣𝑖𝑡2|𝑍𝑖, 𝑃𝑁𝐼𝑃𝑖𝑡)             (10) 

Given the assumption of bivariate normality of 𝑣𝑖𝑡1 and 𝑣𝑖𝑡2, the conditional expectation of 𝑣𝑖𝑡2, 

as given in the literature, is 𝜆(. ) =
𝜙(.)

Φ(.)
  if 𝑃𝑁𝐼𝑃𝑖𝑡 = 1 and 𝜆(. ) = −

𝜙(.)

1−Φ(.)
  if 𝑃𝑁𝐼𝑃𝑖𝑡 = 0 where 

𝜆(. ) denotes the hazard or the Inverse Mill’s ratio (Greene, 2012). 

The Heckman two-step method involves obtaining the Probit estimates of the selection equation 

in the first stage and then from these estimates, the hazard, 𝜆𝑖𝑡, for each observation 𝑖 in time 

𝑡 is computed. The parameter estimates of 𝛼′ and 𝛽′ in equation (10) are obtained by augmenting 
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the primary regression equation with the hazard and then consistently estimating by OLS.38 Thus, 

the regressors are 𝑋𝑖𝑡, 𝑃𝑁𝐼𝑃𝑖𝑡, 𝜆𝑖𝑡 and the coefficient estimate 𝜇𝜆 of the hazard informs about 

the direction of the bias that would result from not accounting for self-selection.  

We obtain standard errors that account for serial dependence, which might be due to serial 

correlation in idiosyncratic errors and/or unobserved time constant factors that are part of the 

composite error, using panel bootstrap. 

In treatment effects literature, the model of above type is known as the Heckman selection or 

endogenous treatment effects model. The model assumes that PNIP participation would have 

the same effect on waiting times irrespective of the participation status and so, the coefficient 

estimate of the 𝑃𝑁𝐼𝑃𝑖𝑡 variable would measure the average treatment effect (ATE).  

In addition to self-selection, another potential concern could be reverse causality or simultaneity 

bias, i.e. waiting times in period 𝑡 might influence PNIP participation in period t.  However, we 

believe that this is unlikely to be a major concern since we do not think there are any theoretical 

reasons to suspect reverse causality. In our conceptual model, we do not model supply decisions 

as a function of waiting times (similar to Chapter 2), because the supply decisions are likely to be 

governed by the financial cost of practicing which depends on the input-mix, remuneration 

scheme (cost of labour input), and practice and GP characteristics. We investigate the issue 

empirically in two ways. First, to test whether waiting time in year 𝑡 contemporaneously affects 

participation in PNIP, we estimated a regression with PNIP participation in year 𝑡 as the 

dependent variable and waiting time in year 𝑡 as the explanatory variable (in addition to 

covariates and practice fixed effects). We find no evidence that waiting time in a given year is 

associated with PNIP participation in that year. Second, to test whether historical waiting times 

affect participation in PNIP, we estimated a regression with PNIP participation in year 𝑡 as the 

dependent variable and waiting time in year 𝑡 − 1 as the explanatory variable (is addition to 

covariates and practice fixed effects). Again, we find no evidence of any systematic association. 

Further, in Appendix Table 3.A5 we present the patterns of PNIP participation for practices, and 

                                                           
38 Explanation of how consistent standard errors are obtained that account for generated regressor (i.e. the hazard) is provided 

in Appendix Note 3.A1.   
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it suggests that participation in the program appears to be a one-time decision for most practices 

where once a practice decides to participate in the program, it keeps on participating or vice 

versa. This also provides an argument that there is unlikely to be a simultaneity bias in our model 

i.e. average waiting time in year 𝑡 is unlikely to significantly affect the decision to participate in 

PNIP in year 𝑡. 

Heckman selection model Identification considerations   

The Heckman selection or endogenous treatment effects model is theoretically identified by the 

non-linear parametric restrictions on the distribution of the error terms. In particular, because 

the hazard 𝜆(. ) is estimated by non-linear Probit model, it will not be perfectly correlated with 

𝑋 when included in the outcome equation in the second stage, and hence exactly the same 

regressors can appear in the selection and the outcome equations i.e. 𝑋 = 𝑍. In this study, we 

do not have a strong exclusion restriction and so rely on functional form restrictions for 

identification. However, identification concerns could arise if the hazard 𝜆(. ) is approximately 

linear over a wide range of its argument as that would lead to multi-collinearity problems.  

Cameron and Trivedi (2005) and Leung and Yu (2000) provide useful discussions of the collinearity 

problems associated with the two-step estimation of selection problems. These studies highlight 

that having the same regressors in the selection and the outcome equations do not necessarily 

result in collinearity problems. The degree of collinearity depends on how scattered the values 

of the hazard 𝜆(. ) are. And the Heckman two-step estimator can perform very well even if 𝑋 =

𝑍, i.e. the regressors are same. In other words, the problem of collinearity is less severe the better 

the probit model can discriminate between participants and non-participants and hence the 

wider the range in the Probit model predicted probabilities (Cameron & Trivedi, 2005). In our 

data participating and non-participating practices are clearly different in their observed 

characteristics (discussed in Section 3.5.2) and so the Probit model for PNIP participation should 

result in a considerable range in the predicted probabilities. In Section 3.6 we investigate this and 

find that this expectation holds true. Details are presented in Section 3.6.  

Further, in contrast to the sample-selection issue (where the dependent variable is not observed 

for a subsample), the use of two-step methods for the self-selection issue where the dependent 
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variable is observed for the entire relevant sample (i.e. both participants and non-participants), 

is more robust to the problems of collinearity (Leung & Yu, 2000). To understand this, suppose 

the worst-case scenario in which regressors in the outcome equation are highly collinear with 

𝜆𝑖𝑡(𝛿
′𝑍𝑖𝑡 + 𝛾2𝑍𝑖) for 𝑃𝑁𝐼𝑃𝑖𝑡 = 1 but also with 𝜆𝑖𝑡(−(𝛿

′𝑍𝑖𝑡 + 𝛾2𝑍𝑖)) for 𝑃𝑁𝐼𝑃𝑖𝑡 = 0. However, 

despite this high collinearity, the combined regressor 𝑃𝑁𝐼𝑃𝑖𝑡 𝜆𝑖𝑡(𝛿
′𝑍𝑖𝑡 + 𝛾2𝑍𝑖) − (1 −

𝑃𝑁𝐼𝑃𝑖𝑡)𝜆𝑖𝑡(−(𝛿
′𝑍𝑖𝑡 + 𝛾2𝑍𝑖))  in the waiting time (outcome) equation will not be highly collinear 

with the regressors because 𝜆𝑖𝑡(𝛿
′𝑍𝑖𝑡 + 𝛾2𝑍𝑖) and 𝜆𝑖𝑡(−(𝛿

′𝑍𝑖𝑡 + 𝛾2𝑍𝑖)) have opposite signs 

(Leung & Yu, 2000).39 Therefore, having observations on both participants and non-participants 

reduces the potentiality as well as the gravity of collinearity problems in the Heckman selection 

models. In addition, in our application we observe participating and non-participating practices 

longitudinally before and after PNIP.  

3.5 Data and descriptive analyses 

3.5.1 Data 

The study uses data from the first seven waves (2008-2014) of the Medicine in Australia: 

Balancing Employment and Life (MABEL) survey, an annual panel survey of Australian doctors. 

MABEL is a prospective cohort study of workforce participation, labour supply and its 

determinants among Australian doctors. The survey provides rich data on doctors’ workload, 

qualifications, practice settings, personal characteristics, working conditions and geographic 

location (Joyce et al., 2010). For the first wave in 2008, a total of 54,750 doctors (representing 

the population of all doctors in Australia) across four broad groups within the medical workforce 

were invited to participate. The response rate was 19.36% with a total of 10,498 doctors in the 

baseline cohort, which includes 3,906 GPs, 4,597 specialists, 1,072 specialists-in-training, and 924 

hospital non-specialists.  Joyce et al. (2010) found the 2008 cohort to be representative of the 

overall doctor population with respect to age, gender, geographic location, and hours worked.  

                                                           
39 To understand this, suppose 𝜆(𝑧) Is linear function is a linear function of 𝑧, say 𝜆(𝑧) = 𝑏0 + 𝑏1𝑧 where 𝑏0 is a positive and 𝑏1 

is a negative constant. Suppose there are two columns of data 𝑍1(𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑁1𝑥1) and 𝑍2 (𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑁2𝑥1) then 𝑍1 will be 
perfectly correlated with 𝜆(𝑍1) and 𝑍2 will be perfectly correlated with 𝜆(−𝑍2). However, the column of data (𝑍1

′ , 𝑍2
′ )′ is not 

perfectly collinear with the vector (𝜆(𝑍1)
′, −𝜆(−𝑍2)

′)′ because the latter is equal to ((𝑏0𝜔1 + 𝑏1𝑍1)
′, (−𝑏0𝜔2 + 𝑏1𝑍2)

′)′ which 
cannot be expressed as 𝑚0(𝜔1

′ , 𝜔2
′ ) + 𝑚1(𝑍1

′ , 𝑍2
′ )′ for some constants 𝑚0 and 𝑚1, where 𝜔1 is an 𝑁1𝑥1 unit vector and 𝜔2 is an 

𝑁2𝑥1 unit vector (Leung & Yu, 2000).  
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In each subsequent wave, all doctors who had previously completed a survey and a new cohort 

of doctors were invited to participate. The new groups comprise mainly of new medical 

graduates, international medical graduates, and doctors who re-join the medical workforce after 

a period of temporary leave (e.g. maternity leave) (Taylor et al., 2015). Attrition of 2008 cohort 

in 2014 is 49.9%. In the subsequent waves, the attrition is higher, between 53-69%, mainly 

because these samples largely consisted of doctors new to clinical practice who tend to have 

lower response rates generally and are less likely to participate longitudinally. The MABEL 

attrition rates are favourable in comparison with other medical workforce surveys, both 

nationally and internationally (such as the US Community Tracking Study) (Cheng & Trivedi, 2015; 

Taylor et al., 2015).   

Variable definitions 

MABEL is a survey of individual doctors, however, for this study we need information on the 

practice level waiting times and practice characteristics. Therefore, we first aggregate the survey 

responses at the practice level. For aggregating the data, we use information on GPs’ practice 

addresses based on the Australian Medical Publishing Company (AMPCo.) Medical Directory of 

Australia that provides the sample frame for the MABEL survey. The geocodes for each address 

are used to generate practice identifiers.40 Then these practice identifiers are used to aggregate 

the data at the practice level.41 Aggregation of data to practice level is appropriate for this study 

for two main reasons. First, this study is interested in the relationship between practice nurses 

and waiting times at the practice level. More specifically, the aim is to examine participation in 

the Practice Nurse Incentive Program (PNIP) as practice-level phenomena and hence practice-

level characteristics are hypothesised to influence participation in the program, practice waiting 

times and the relationship between them. Secondly, if the outcome and key explanatory variable 

of interest are group-level variables (practice-level variables), as in this study, and there is 

consistency between the responses of individuals (GPs) within groups (within-practice 

                                                           
40 This is done based on geocodes of GPs’ practice addresses and using STATA’s group function under egen command, assuming 

that GPs with same practice address and geocodes belong to the same general practice. There is no other publicly available data 
on which GPs work in which practices.  
41 Appendix Note 3.A2 provides details of how Geocodes were generated and used to aggregate the survey responses. 
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agreement) for key explanatory variable(s), the aggregation of data at group level is appropriate 

(George, 1990; George & James, 1993; Hudson & Ma, 2007). In MABEL data, the responses of 

GPs within a practice on participation in PNIP are very consistent. In 98% of the practices, the 

responses of GPs on PNIP participation were consistent. However, it is important to recognise 

that aggregating the data reduces sample size and might result in loss of efficiency and higher 

standard errors (Lang & Gottschalk, 1996). This might increase the probability of Type II error and 

hence lead to underestimation of the inferred significance.   

Each wave of the MABEL survey asks GPs to report on three types of waiting times: 1) waiting 

time for ‘you’ the preferred doctor; 2) waiting time for any GP in practice, and 3) waiting time for 

a new patient in practice.42 While the first one is a measure of individual GP waiting time, the 

other two are measures of practice level waiting times. In this study, we focus on practice level 

waiting times. Therefore, the outcome variables in our analysis are the average waiting time for 

a new patient in the practice and average waiting time for any GP in practice (both measured in 

days) which were constructed as the mean of the survey response of GPs in the practice to the 

relevant waiting time questions.43  

Since wave 5 (2012) of the MABEL survey, GPs are asked – ‘Does your practice claim the Practice 

Nurse Incentive Program payments? Yes or No’. There is detailed information on the location of 

practices in MABEL such as RRMA (Rural, Remote and Metropolitan Areas) and ASGC (Australian 

Standard Geographical Classification) classification of practice location and whether the practice 

is in District of Workforce Shortage (DWS) area.44 We use the location information to identify 

practices in urban/metro areas that became newly eligible for nursing incentives with the 

                                                           
42 The survey questions are – 1) Excluding emergencies or urgent needs, for how many days does a patient typically have to wait 
for an appointment with (please write average number of days): (i) You, their preferred doctor in the practice? (ii) Any doctor in 
the practice? 2) How long does a NEW patient typically have to wait for an appointment in your practice (No. of days)?   
43 A robustness check would have been to analyse the impact of PNIP on number of patients seen in the practice. However, the 

MABEL survey does not ask GPs about number of patients in their practice (unlike waiting times) and so we don’t have information 
on practice level patient number. 
44 District of Workforce Shortage (DWS) information is provided by the Department of Health, it indicates whether an area is a 

DWS for GPs, based on the SLA of their main workplace. It is whether the number of FTE GPs is less than the national average 
(http://www.health.gov.au/internet/main/publishing.nsf/content/work-st-bmp-ret-dws). This changes every quarter, and the 
annual figure each year in the data is from the first quarter of the survey year. 
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introduction of PNIP. The survey also provides information on the number of nurses in each 

practice.45 46 

We control for practice characteristics such as median age of GPs (as a proxy for average 

experience in the practice), proportion of female GPs, proportion of GPs who are Australian 

medical graduates (AMGs), proportion of GPs with a fellowship at the Royal Australian College of 

General Practitioners (RACGP) or the Australian College of Rural and Remote Medicine (ACRRM) 

(as a measure of practice quality), practice size as measured by number of GPs in practice, 

number of auxiliary staff (e.g. allied health professionals and administrative staff). To capture 

area level demand-side factors, we control for characteristics of the practice location such as 

socio-economic status (captured by SEIFA Index), the age distribution of the local population, 

minimum distance to the emergency department (ED), and GP density.47 These factors are likely 

to affect demand for GP consultations and hence influence waiting times48, and these might also 

influence a practice’s decision to participate in PNIP.  

In the vector of time-averages, 𝑧�̅�, we include time-averages of all the observed practice 

characteristics mentioned above since they are time-varying and likely to be correlated with 

time-constant unobservables. The characteristics of the practice location or the area level 

variables such as socio-economic status, age distribution and minimum distance to ED are based 

on 2006 and 2011 Census but they rarely change between the two censuses for a practice (see 

Section 3.5.2). Therefore, we do not include the time-averages of area level variables.    

 Analysis Sample  

For our analysis, we restrict the sample to practices that were in metropolitan areas (based on 

RRMA 1 and 2 before 2012) as these are the practices that became eligible to receive nursing 

                                                           
45 However, we have no information on hours worked by nurses. 
46 The survey provides no information on the earlier PIP nurse incentives that was available to rural/remote/DWS practices. 
47 These data are based on Australian Medical Publishing Company (AMPCo), and 2006 Census (for waves 2008-2010) and 2011 
Census (for waves 2011-2014) Census. 
48 See (Cheraghi-Sohi et al., 2008; Gandhi et al., 1997; Gerard et al., 2008; Gravelle et al., 2016; Gravelle et al., 2003; Laudicella 
et al., 2012; Martin et al., 2003; Roll et al., 2012; Scott, 2000; Scott & Vick, 1999; Scott et al., 2003; Sharma et al., 2013; Turner et 
al., 2007) for related literature. 
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incentives for the first time with the introduction of PNIP.49 50 There are 1,877 practices with 

6,821 observations in the data which were classified as Metropolitan (RRMA 1 or 2, and not a 

workforce shortage area) in the period 2008-2011.  

The analysis sample is restricted to practices having at least one observation after they first 

appear in the panel since 2011. Further, the sample is restricted to non-missing information on 

all the variables used in the analysis. It should be noted that in the original sample of 1,877 metro 

practices with 6,821 observations, in case of 1,862 practice-year observations the information on 

‘waiting time for a new patient’ or ‘waiting time for any GP’ is missing. We examine the missing 

patterns in Appendix Table 3.A1. In a pattern, 1 indicates that all values of the variable are non-

missing and 0 indicates that all values are missing. Thus, the pattern (1,1,1,1,1,1,1,1,1,1,1,1,1,1,1) 

means no missing values on all variables and, 68% of our data have that pattern. For 10% of data, 

‘waiting time for a new patient’ is missing; for 8% of data, ‘waiting time for any GP in practice’ is 

missing; and for 4% of data, both waiting times are missing. A comparison of the characteristics 

of the practices with and without missing values on waiting times (Table 3.A2 in the appendix) 

shows that the practices with missing and non-missing information on waiting times differ, 

particularly in terms of practice characteristics. The practices with missing waiting times are 

smaller, have older GPs and have less auxiliary staff (nurses, allied and administrative staff). 

These characteristics are controlled for in the regressions analysis which would partly correct for 

this bias, and also, any unobserved time-invariant practice specific factors are controlled for by 

using practice specific effects. To drop the outliers, practice-year observations are excluded if 

average waiting times (new patient or for any GP) are reported to be more than 10 days.51 52 

                                                           
49 In the GP level data, 45% of GP-year observations are classified as RRMA 1-2 and not in workforce shortage area, while 55% 
are classified as RRMA 3-7 or in workforce shortage area. 
50 As discussed earlier, general practices in rural/remote areas (based on RRMA) and areas of workforce shortage were eligible 
to receive nurse incentives through PIP even before PNIP was introduced in 2012. 
51 Since in this study we use aggregated data to practice level, average waiting times of more than 10 days are likely to outliers. 

Only 193 practice-year observations were dropped due to the restriction. The distribution plots of waiting times (see Figure 3.1) 
also show that average practice-level waiting times are well under 10 days.   
52 Appendix Table 3.A3 shows the number of observations that were lost for different reasons. 
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Finally, after dropping observations with missing data, we obtain a final sample that is an 

unbalanced panel of 750 practices with 3,313 observations.53  

PNIP is also available to allied health professionals in areas of workforce shortage, Aboriginal 

Medical Services and Aboriginal Community Controlled Health Services in remote and rural areas. 

However, the incentives for allied health professionals are not available in metro regions/major 

cities [ASGC RA1 (Department of Human Services, 2012)] 54 and hence restricting the sample to 

only metro practices also alleviates the issue of any confounding effect of PNIP on allied health 

professionals and hence waiting times. Therefore, the number of allied health professionals is 

used only as a control variable in our analysis.  

3.5.2 Descriptive analyses 

This section presents the descriptive statistics for the analysis sample described in section 3.5.1. 

It is an unbalanced panel of 750 practices with 3,313 observations.  

Table 3.2 presents the summary statistics of all the relevant variables for the analysis sample 

(N=3,313, n=750) pooled across 2008-2014. The average waiting time for a new patient is 1.66 

days, more than double the average waiting time for any GP of 0.71 days. On average, there are 

2.15 nurses in the practices. Overall, about half of GPs in the practices are women, 80 percent of 

GPs are Australian medical graduates, and on average there are around 8 GPs in a practice. For 

the Heckman selection model, we include the time-averages of time-varying covariates in our 

model. Time-average of an almost time-constant variable would be highly collinear with the 

variable and therefore should not be included in the model to avoid multicollinearity. Last two 

columns of Table 3.2 show the variation in the data. Although between-practice variation is 

higher than within-practice variation, there is sufficient within-variation in all practice 

characteristics. The area-level characteristics are based on two censuses (2006 and 2011) and 

                                                           
53 Appendix Table 3.A4 describes the participation pattern of practices across the panel before placing any restriction on the 

sample of metropolitan practices (1,877 practices with 6,821). 
54 Under PNIP, Australian Standard Geographical Classification (ASGC) is used to determine remoteness of areas. 
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hence are not technically time-invariant. However, there is very little within-variation in the area 

level characteristics, and so we exclude their time-averages in the Heckman selection model.55     

Table 3.3 presents the response to PNIP question from 2012 to 2014.  In 2012, GPs in about 74% 

practices reported their practice claiming incentive payments under PNIP, the figures were 77% 

and 79% for 2013 and 2014 respectively. Overall, 20% of the practices in the estimation sample 

never participated in PNIP (see Appendix Table 3.A5).  

Table 3.4 presents the key variables and the covariates separately for practices that reported 

participating in PNIP and those that report not participating for each year since the introduction 

of PNIP in 2012. It is evident that participating practices have a significantly higher number of 

nurses. However, it is important to remember that number of nurses is a choice variable, i.e. 

endogenously determined. So, a higher number of nurses in participating practices could be a 

result of the program participation, but it might also be the case that practices with more nurses 

are more likely to participate in the program. In fact, in the analysis sample, the average number 

of nurses in practices that participated in PNIP (at least once) for the period 2008-2011 (before 

PNIP) is 2.3 nurses while for non-participating practices the average is 0.74 nurses. In our waiting 

time equations, we do not include the number of nurses as a covariate since nurses are the 

mediating factor, causally laying between program participation and waiting times, i.e., 

endogenously determined.  

The average waiting time for a new patient is not statistically different between participating and 

non-participating practices, except in 2014 when it is lower for participating practices. The 

average waiting time for any GP is statistically lower for participating practices in 2012 and 2014. 

But, it is important to remember that these are simple descriptive between-practice 

comparisons.  

There seem to be systematic differences between the covariates of the practices that are 

participating in PNIP and those that are not, suggesting non-random self-selection of practices 

                                                           
55 Only ‘ratio of GPs to population’ variable has reasonable within-variation (18% of total variance in the variable is accounted by 
within-variation). As a robustness test, we included the time-average of ‘ratio of GPs to population’ variable in the Heckman 
selection model. The results remained qualitatively similar.  
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into PNIP. The participating practices are larger and have more allied health and administrative 

staff and have a higher proportion of GPs with a fellowship at RACGP or ACRRM. The GPs in 

participating practices are also younger. The participating and not participating practices, 

however, do not systematically differ as much in area-level characteristics. We control for all 

these characteristics in our analysis.56 

Figure 3.1 presents the distribution of waiting times for the analysis sample, and we find that 

majority of practices have the average waiting time of less than 4 days.57  

 

 
Table 3. 2: Summary of relevant variables for analysis sample (pooled data) 

  Overall Between Within 

Variables  Mean SD Min Max SD SD 
       

Waiting time for new patient (days) 1.66 2.02 0 10 1.64 1.38 

Waiting time for any doctor (days) 0.71 0.97 0 10 0.83 0.69 

No. of nurses 2.15 1.78 0 10 1.67 0.77 

Practice characteristics       

Proportion of female GPs 0.53 0.43 0 1 0.41 0.17 

Proportions of AMGs 0.80 0.36 0 1 0.35 0.13 

Proportion of GPs with RACGP/ACRRM fellowship 0.58 0.43 0 1 0.41 0.18 

Median GP age 51.04 10.33 26 89 10.16 4.07 

No. of GPs  8.08 3.99 1 25 3.73 1.59 

No. of allied health professionals  1.32 1.80 0 10 1.51 1.01 

No. of administrative staff 5.04 3.05 0 20 2.47 1.76 

Area characteristics       

SEIFA Index 1052.65 68.36 805.41 1213.53 66.57 19.73 

% of population under 5 years of age 5.62 1.51 0.85 13.34 1.51 0.39 

% of population over 65 years of age 13.39 4.45 0.44 30.86 4.35 1.13 

Min. distance to emergency department 3.75 2.82 0.14 22.23 2.82 0.06 

Ratio of GPs to population (per 1,000) 1.70 1.05 0.21 10.10 0.96 0.42 
       

Observations 3,313 

No. of practices 750 

 

                                                           
56 As a part of the preliminary analysis, I estimated descriptive/raw difference-in-difference (DID) estimates comparing waiting 

times between practices that never participated in PNIP to practices that participated at least once in the program. These are 
presented in Appendix Table 3.A7. We find that the direction of the effects and their statistical significance are similar to our 
baseline results. However, because we found that parallel trends assumption was not satisfied for waiting time measures, DID is 
not the preferred method.  
57 The responses to waiting time questions in days were both in integer and non-integer values, e.g. 2.5 days. 
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Table 3. 3: Response to PNIP question in the analysis sample 

Year Participated 
Not 

participated 
Total 

2012 412 [74%] 148 [26%] 560 

2013 372 [77%] 109 [23%] 481 

2014 403 [79%] 104 [21%] 507 

 

 

 

Table 3. 4: Mean characteristics of participating and non-participating practices in PNIP for each year 
since the introduction of PNIP (2012-2014) 

 2012 2013 2014 

Variables Not 
participated 

Participated 
Not 

participated 
Participated 

Not 
participated 

Participated  

       

Waiting time for new patient (days) 1.60 1.55 1.64 1.57 1.87 1.44* 

Waiting time for any doctor (days) 0.81 0.62** 0.77 0.67 0.88 0.54** 

No. of nurses 0.80 2.73*** 0.99 2.79*** 0.78 2.85*** 

Practice characteristics       

Proportion of female GPs 0.51 0.54 0.52 0.57 0.49 0.56 

Proportions of AMGs 0.79 0.80 0.75 0.80 0.75 0.78 

Proportion of GPs with FRACGP/FACRRM 0.45 0.64*** 0.48 0.66*** 0.44 0.64*** 

GP median age 53.99 51.18*** 54.16 50.42*** 56.40 50.79*** 

No. of GPs 5.38 9.29*** 5.49 9.19*** 5.29 9.47*** 

No. of allied health professionals 0.86 1.55*** 0.88 1.57*** 0.83 1.64*** 

No. of administrative staff 3.06 5.63*** 3.47 5.77*** 3.24 5.87*** 

Area characteristics       

SEIFA Index 1040.01 1042.35 1043.30 1038.53 1046.86 1043.22 

% of population under 5 years of age 5.43 5.72* 5.54 5.68 5.54 5.62 

% of population over 65 years of age 12.66 13.22 12.98 13.64 13.04 13.71 

Min. distance to emergency department 3.10 3.99*** 3.52 3.80 3.24 3.74* 

Ratio of GPs to population (per 1,000) 1.83 1.60** 1.75 1.54** 1.72 1.98* 
       

No. of practices 148 412 109 372 104 403 

 Notes: The asterisks denote a significant difference in means for practices that participated in PNIP as compared to those that 
did not participate for each year since 2012 based on t-test of equality of means.  ***, **, * indicate significance at 1%, 5% and 
10% respectively. 
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Figure 3.1: Distribution of practice waiting times (in days) 

 
Notes: The distributions are kernel density estimates  

 

To understand whether the distribution of waiting times has also changed since PNIP, Figures 

3.2a, 3.2b, 3.3a and 3.3b present the distributions (histograms and kernel density estimates) of 

the two waiting time measures for practices by their participation status, for the periods 2008-

2011 (pre-PNIP) and 2012-2014 (post-PNIP). Figures 3.2a and 3.2b show that for both non-

participating practices and practices that participated at least once in PNIP (participating 

practices), the median waiting time for a new patient is around 1 day both in the pre-PNIP and 

the post-PNIP period. For both type of practices, a higher proportion of practices (around 8 

percent more) report waiting time for a new patient of zero days since 2012 (Figures 3.2a and 

3.2b). However, in the post-PNIP period, the distribution has become relatively tighter for the 

participating practices – the standard deviation of average waiting time for a new patient 

declined from 2.1 days in 2008-2011 to 1.95 days in 2012-2014 for participating practices (Figure 

3.2a) while for non-participating practices the standard deviation increased slightly from 1.9 days 

in 2008-2011 to 2.1 days in 2012-2014 (Figure 3.2b). Overall, participation in PNIP does not seem 

to have any substantial effect on the distribution of waiting time for new patients in practices. 

For waiting time for any GP in the practice (Figures 3.3a and 3.3b), the median is around 1 day in 

the pre-PNIP period and 0.75 days in the post-PNIP period for non-participating practices (Figure 

3.3b), and around 0.5 days in both the pre-PNIP and the post-PNIP period for participating 
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practices (Figure 3.3a). For participating practices, a much higher proportion of practices report 

waiting time for any GP of zero days since 2012 (Figure 3.3a) as compared to non-participating 

practices (Figure 3.3b).  

Figure 3.2: Distribution of waiting time for new patients (in days) by participation status 

3.2a: Participating practices 

 

3.2b: Non-participating practices  
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Figure 3.3: Distribution of waiting time for any GP in the practice (in days) by participation status 

3.3a: Participating practices 

 

3.3b: Non-participating practices 
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3.6 Regression results 

This section presents the results of the regression analyses. To assess the importance of 

correcting for endogeneity due to self-selection, we first estimate single-equation model given 

by equation (5) using pooled OLS, random effects and fixed effects estimation. Then, we estimate 

the two-equation model given by equation (8a) and (8b) using the Heckman two-step (LIML) 

estimator. 58 We focus on reporting estimates of the coefficient of interest, 𝛽′, the effect of PNIP 

participation on waiting times.  

Table 3.5 presents the results from the single-equation models. Panel A presents the results from 

pooled OLS estimation which does not allow for practice-specific unobserved heterogeneity and 

ignores self-selection due to both practice-specific heterogeneity or time-constant unobserved 

factors and time-varying unobserved factors that might be correlated with both PNIP 

participation and waiting times. The estimated effect of PNIP participation is negative but 

statistically insignificant for both the waiting time measures.   

Panel B in Table 3.5 presents the results from random effects estimation. While random effects 

model allows for unobserved practice-specific heterogeneity, it is assumed to be uncorrelated 

with the explanatory variables. This means that random effects model assumes that PNIP 

participation is uncorrelated with practice-specific heterogeneity and therefore, rules out that 

self-selection depends on practice-specific time-constant unobserved factors. For waiting time 

for new patients, the estimated effect of PNIP participation increases in magnitude, and for 

waiting time for any GP the estimated effect declines in magnitude as compared to pooled OLS 

estimation. However, for both waiting time measures the effect remains statistically insignificant. 

The Breusch-Pagan LM test reveals that random effects are significant in both the waiting time 

models (P-value=0.000), suggesting that OLS is inappropriate. 

Panel C in Table 3.5 presents the results from fixed effects estimation which allows unobserved 

practice-specific heterogeneity to be correlated with the explanatory variables. Therefore, the 

fixed effects model controls for practice-specific time-constant unobserved factors that might be 

                                                           
58 In Heckman Selection model, the standard errors are adjusted for generated regressor (i.e., the hazard). The explanation of 

how consistent standard errors are obtained that account for generated regressor is provided in Appendix Note 3.A1.   
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correlated with both PNIP participation and waiting times. For waiting time for new patients, the 

estimated effect of PNIP participation remains negative and increases in magnitude (-0.196) 

compared to random effects estimation. However, it is imprecisely estimated (t=1.46). For 

waiting time for any GP, the estimated effect of PNIP participation declines in magnitude and 

remains statistically insignificant (t=0.42). Therefore, it appears that ignoring endogeneity of PNIP 

participation due to practice-specific time-constant unobserved factors leads to underestimating 

the effect of PNIP participation on waiting time for new patients. It suggests that practice-specific 

time-constant unobserved factors are positively correlated with new patient waiting times and 

PNIP participation. 

In panel D, I use the Mundlak method for the single-equation model to compare it with fixed 

effects estimates in panel C. For the Mundlak method, we add in the model in panel B, the time-

averages of the practice characteristics and so, the coefficient estimates for practice 

characteristics would be the estimate of the within-practice effect as the cross-section effect is 

controlled by the time-averages. As expected, the fixed effects estimates and Mundlak estimates 

are very similar in panel C and D. In terms of interpretation of coefficient of time-averages, it 

captures the difference between the within-group and cross-section effects (which depends on 

the extent of correlation between unobserved heterogeneity and the explanatory variable). The 

F-test of joint significance of the time-averages suggests that time-averages are significant for 

both the waiting time for new patients (P-value=0.039), and for waiting time for any GP (P-Value 

= 0.061).59  

Regarding covariates, the number of GPs per practice is negatively associated with waiting time 

for any GP across different specifications in Table 3.5, but not associated with waiting time for 

new patients when we control for practice-specific heterogeneity or time-constant factors. The 

practice characteristics that capture quality such as female GPs and median GP age (a proxy for 

experience) are positively associated with waiting time for new patients across different 

specifications. However, quality characteristics do not seem to have any systematic relationship 

                                                           
59 However, one should be cautious when using the significance of time-averages to choose between random and fixed effects, 
as they are only valid if explanatory variables are exogenous with respect to the error term i.e. uncorrelated with the unobserved 
time-varying factors.  
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with waiting time for any GP. So, it appears that waiting time for any GP (which captures waiting 

time for existing patients) is more influenced by a practice’s capacity to provide services, rather 

than demand side factors. This could be because most existing patients do not often switch their 

practices. On the other hand, for new patient waiting times, the demand-side factors such as the 

practice’s quality characteristics matter more since new patients are likely to choose a practice 

which they perceive is better quality based on its characteristics.  

All the year indicators are negative and statistically significant for the waiting time for any GP, 

indicating that changes in waiting time for any GP overtime are explained to a large extent by 

common temporal factors affecting waiting times for all practices.  

Table 3.6 and Table 3.7 report results from estimating the two-equation Heckman selection 

model for waiting time for new patients and waiting time for any GP respectively. In Tables 3.6 

and 3.7, panel A only controls for practice characteristics (and their time-averages), while panel 

B additionally controls for area-level characteristics.  

In Table 3.6 panel A, the coefficient of PNIP participation is -0.875 which is larger in magnitude 

compared to fixed effects estimate from the single-equation model of -0.196 (Table 3.5 panel C, 

column 1). However, it is statistically insignificant (t=0.82). In panel B, which additionally controls 

for area-level characteristics, the estimated effect of PNIP participation on waiting time for new 

patients declines slightly in magnitude and remains statistically insignificant (t=0.73). The results 

for waiting time for any GP in Table 3.7 also suggest that participation PNIP had no statistically 

significant effect. Therefore, we find no evidence that participation in PNIP is associated with a 

reduction in waiting times in general practices and this finding is consistent across different 

models. It is important to note here that we do not study the impact of nursing incentives on 

other important outcomes such as quality of services and costs which is a limitation of this study. 

Therefore, our results should not be used to conjecture anything about the impact of PNIP on 

other important outcomes.  

The effect of practice characteristics on waiting time for new patients (Table 3.6 panel B, column 

1) is consistent with those in Table 3.5 (panel C, column 1) where female GPs and median GP age 

are positively associated with waiting time for new patients. The effect of the number of GPs on 
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waiting time for any GP (Table 3.7 panel B, column 1) is negative but becomes statistically 

insignificant.  

The two-equation Heckman selection model offers useful insights about non-random self-

selection of practices into PNIP.  For both waiting time measures, we find a positive though not 

statistically significant coefficient on the hazard or Inverse Mill’s ratio (Panel B column 1 in Table 

3.6 and 3.7) which implies that the effect of unobserved factors or practice characteristics 

associated with both waiting times and PNIP participation in a year is to increase waiting times. 

Hence, our estimates of the effect of PNIP is more negative compared to single-equation models. 

Further, our estimates of the PNIP participation equation (Table 3.6 and 3.7, panel B, column 2) 

suggest that practice characteristics – proportion of female GPs, qualification and experience 

(proxied by age) of GPs, and number of GPs in practice are positively associated with participation 

in PNIP. Among area-level characteristics, socioeconomic status and GP density appear to be 

important determinants of participation in PNIP – practices in lower socioeconomic areas and 

higher GP density are more likely to participate in the program. There is a considerable range in 

the Probit model-predicted probabilities from 0.00 to 0.99 in panel B (column 2) of Tables 3.6 

and 3.7, suggesting that the selection or the Probit model can discriminate between participants 

and non-participants sufficiently well. 

The time-averages in the waiting time for new patients model (panel B Table 3.6) and the waiting 

time for any GP model (panel B Table 3.7) are jointly significant suggesting that it is important to 

allow for correlation between practice-specific time-constant unobserved factors and other 

covariates. 
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Table 3. 5: OLS, random effects and fixed effects results for effect of PNIP on practice level waiting times 

 A: OLS B: Random effects C: Fixed effects D: Mundlak method 

 
VARIABLES 

Waiting time 
for a new 

patient 

Waiting time 
for any GP 

Waiting time 
for a new 

patient 

Waiting time 
for any GP 

Waiting time for 
a new patient 

Waiting time 
for any GP 

Waiting time 
for a new 

patient 

Waiting time 
for any GP 

 (1) (2) (1) (2) (1) (2) (1) (2) 
         

PNIP participation -0.011 -0.108 -0.152 -0.074 -0.196 -0.028 -0.188 -0.024 
 (0.147) (0.074) (0.122) (0.063) (0.134) (0.066) (0.135) (0.067) 

Proportion of female GPs 0.556*** 0.014 0.604*** 0.048 0.496** 0.031 0.495** 0.033 
 (0.132) (0.058) (0.135) (0.072) (0.234) (0.130) (0.234) (0.130) 

Proportion of AMGs 0.189 -0.037 0.154 -0.071 -0.008 -0.222 -0.017 -0.221 
 (0.133) (0.063) (0.139) (0.084) (0.257) (0.170) (0.257) (0.170) 

Proportion of GPs with FRACGP/FACRRM 0.014 -0.136** 0.123 -0.125* 0.249 -0.134 0.253 -0.131 
 (0.124) (0.057) (0.121) (0.065) (0.186) (0.107) (0.186) (0.107) 

Median GP age 0.010* -0.006** 0.015*** -0.003 0.022** 0.001 0.022** 0.001 
 (0.005) (0.003) (0.005) (0.003) (0.009) (0.005) (0.009) (0.005) 

No. of GPs in practice -0.047*** -0.013* -0.035** -0.025*** -0.033 -0.039*** -0.032 -0.039*** 
 (0.015) (0.007) (0.014) (0.007) (0.021) (0.011) (0.021) (0.011) 

No. of allied health professionals -0.064** -0.019* -0.028 -0.006 -0.004 0.003 -0.004 0.002 
 (0.026) (0.011) (0.023) (0.010) (0.028) (0.013) (0.028) (0.013) 

No. of administrative staff 0.022 -0.011 -0.010 -0.004 -0.032 0.001 -0.031 0.002 
 (0.019) (0.007) (0.017) (0.007) (0.020) (0.008) (0.020) (0.008) 

Area characteristics         

SEIFA Index -0.186** -0.109*** -0.206** -0.102** -0.118 -0.122 -0.213*** -0.110** 
 (0.085) (0.036) (0.080) (0.042) (0.173) (0.085) (0.081) (0.043) 

% of population under 5 years of age -0.051 -0.040** -0.059 -0.044** -0.023 0.006 -0.051 -0.046** 
 (0.043) (0.020) (0.041) (0.021) (0.074) (0.046) (0.041) (0.021) 

% of population over 65 years of age 0.024* 0.005 0.017 0.003 0.005 -0.003 0.015 0.004 
 (0.013) (0.006) (0.012) (0.006) (0.027) (0.017) (0.012) (0.006) 

Min. distance to emergency department 0.021 -0.002 0.020 -0.002 0.034 -0.363*** 0.018 0.001 
 (0.023) (0.009) (0.022) (0.009) (0.424) (0.126) (0.022) (0.009) 

Ratio of GPs to population (per 1,000) -0.026 -0.045 -0.045 -0.067* -0.051 -0.075 -0.033 -0.072* 
 (0.063) (0.035) (0.054) (0.036) (0.075) (0.054) (0.055) (0.037) 
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Time-averages 

PNIP participation       0.285 -0.251 
       (0.323) (0.202) 

Proportion of female GPs       0.195 -0.009 
       (0.279) (0.148) 

Proportion of AMGs       0.304 0.236 
       (0.301) (0.184) 

Proportion of GPs with FRACGP/FACRRM       -0.314 -0.009 
       (0.239) (0.134) 

Median GP age       -0.008 -0.009 
       (0.011) (0.006) 

No. of GPs in practice       -0.041 0.043*** 
       (0.033) (0.016) 

No. of allied health professionals       -0.088* -0.024 
       (0.047) (0.024) 

No. of administrative staff       0.116*** -0.036** 
       (0.044) (0.017) 

Year effects [Excl. 2008]         

2009 -0.075 -0.218*** -0.084 -0.199*** -0.093 -0.197*** -0.092 -0.197*** 
 (0.116) (0.067) (0.110) (0.065) (0.114) (0.066) (0.114) (0.067) 

2010 -0.166 -0.320*** -0.170 -0.306*** -0.182 -0.313*** -0.183 -0.311*** 
 (0.117) (0.060) (0.115) (0.056) (0.118) (0.056) (0.119) (0.056) 

2011 -0.167 -0.245*** -0.177 -0.230*** -0.185 -0.234*** -0.187 -0.232*** 
 (0.126) (0.063) (0.120) (0.058) (0.122) (0.057) (0.123) (0.058) 

2012 -0.316* -0.217** -0.222 -0.251*** -0.189 -0.309*** -0.212 -0.307*** 
 (0.165) (0.089) (0.141) (0.076) (0.154) (0.077) (0.150) (0.076) 

2013 -0.314* -0.193** -0.262* -0.207** -0.265 -0.260*** -0.289* -0.257*** 
 (0.180) (0.086) (0.157) (0.081) (0.169) (0.086) (0.167) (0.084) 

2014 -0.333* -0.250*** -0.303* -0.261*** -0.317* -0.299*** -0.347** -0.297*** 
 (0.184) (0.095) (0.163) (0.086) (0.179) (0.091) (0.172) (0.089) 
         

         

Observations 3,313 3,313 3,313 3,313 3,313 3,313 3,313 3,313 

Number of practices 750 750 750 750 750 750 750 750 

Notes: Robust and clustered at practice level standard errors in parenthesis. The Mundlak model (panel D) also includes time-averages of the year dummies which are excluded 
from the Table for brevity.  ***, **, * indicate significance at 1%, 5% and 10% respectively.
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Table 3. 6: Results from Heckman selection model for waiting time for a new patient 

 A: Controlling only for practice 
characteristics 

B: Controlling for practice & area 
characteristics 

 
 
VARIABLES 

Waiting time for a 
new patient 

Probit regression of 
participating in PNIP 

in year t 

Waiting time for a 
new patient 

Probit regression of 
participating in PNIP 

in year t 

 (1) (2) (1) (2) 
     

PNIP participation -0.875  -0.729  

 (1.066)  (1.002)  

Proportion of female GPs 0.733** 0.802*** 0.684* 0.798*** 
 (0.366) (0.157) (0.353) (0.158) 

Proportion of AMGs -0.054 -0.180 -0.069 -0.198 
 (0.262) (0.192) (0.255) (0.191) 

Proportion of GPs with FRACGP/FACRRM 0.455 0.685*** 0.422 0.681*** 
 (0.320) (0.141) (0.303) (0.141) 

Median GP age 0.040* 0.056*** 0.036* 0.055*** 
 (0.023) (0.007) (0.022) (0.007) 

No. of GPs in practice 0.020 0.194*** 0.011 0.195*** 
 (0.073) (0.019) (0.067) (0.019) 

No. of allied health professionals 0.002 0.019 0.002 0.019 
 (0.034) (0.024) (0.033) (0.024) 

No. of administrative staff -0.026 0.023 -0.027 0.023 
 (0.023) (0.015) (0.023) (0.015) 

Area characteristics     

SEIFA Index   -0.261** -0.278*** 
   (0.106) (0.036) 

% of population under 5 years of age   -0.043 0.007 
   (0.030) (0.021) 

% of population over 65 years of age   0.022** -0.001 
   (0.009) (0.006) 

Min. distance to emergency department   0.024 0.013 
   (0.015) (0.009) 

Ratio of GPs to population (per 1,000)   -0.001 0.056* 
   (0.050) (0.031) 

Time-averages     

Proportion of female GPs -0.188 -0.787*** -0.084 -0.725*** 
 (0.377) (0.171) (0.354) (0.173) 

Proportion of AMGs 0.238 0.142 0.312 0.218 
 (0.271) (0.210) (0.269) (0.210) 

Proportion of GPs with FRACGP/FACRRM -0.447 -0.487*** -0.426 -0.461*** 
 (0.284) (0.152) (0.270) (0.153) 

Median GP age -0.031 -0.061*** -0.028 -0.060*** 
 (0.025) (0.008) (0.024) (0.008) 

No. of GPs in practice -0.081 -0.155*** -0.068 -0.151*** 
 (0.061) (0.022) (0.055) (0.022) 

No. of allied health professionals -0.078* 0.029 -0.091** 0.020 
 (0.043) (0.029) (0.043) (0.029) 

No. of administrative staff 0.117*** -0.006 0.108*** -0.007 
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 (0.033) (0.020) (0.033) (0.021) 

Year effects [Excl. 2008]     

2009 -0.090  -0.090  

 (0.146)  (0.146)  

2010 -0.185  -0.187  

 (0.142)  (0.143)  

2011 -0.188  -0.194  

 (0.141)  (0.142)  

2012 -0.335**  -0.353**  

 (0.168)  (0.169)  

2013 -0.420**  -0.438**  

 (0.172)  (0.174)  

2014 -0.488***  -0.501***  

 (0.175)  (0.175)  

     

lambda (Hazard or Inverse Mill's ratio) 0.546  0.441  

 (0.638)  (0.598)  

     

Pseudo R2 [Selection (Probit) equation]  0.0967  0.1111 
     

F-test of joint significance of time-averages: P-
Value 

0.000 0.000 

Observations 3,313 3,313 

No. of practices 750 750 

Notes: Panel bootstrap standard errors in parenthesis (1,000 replications). Column 1 in panel A and B also includes time-averages 
of the year dummies which are excluded from the Table for brevity. ***, **, * indicate significance at 1%, 5% and 10%.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 



98 
 

Table 3. 7: Results from Heckman selection model for waiting time for any GP 

 A: Controlling only for practice 
characteristics 

B: Controlling for practice and area 
characteristics 

 
VARIABLES 

Waiting time for 
any GP 

Probit regression of 
participating in PNIP 

in year t 

Waiting time for any 
GP 

Probit regression of 
participating in PNIP 

in year t 
 (1) (2) (1) (2) 
     

PNIP participation -0.435  -0.211  

 (0.567)  (0.482)  

Proportion of female GPs 0.123 0.802*** 0.064 0.798*** 
 (0.198) (0.157) (0.180) (0.158) 

Proportion of AMGs -0.235 -0.180 -0.230 -0.198 
 (0.199) (0.192) (0.194) (0.191) 

Proportion of GPs with FRACGP/FACRRM -0.052 0.685*** -0.101 0.681*** 
 (0.185) (0.141) (0.168) (0.141) 

Median GP age 0.008 0.056*** 0.003 0.055*** 
 (0.012) (0.007) (0.011) (0.007) 

No. of GPs in practice -0.017 0.194*** -0.031 0.195*** 
 (0.037) (0.019) (0.032) (0.019) 

No. of allied health professionals 0.004 0.019 0.002 0.019 
 (0.019) (0.024) (0.018) (0.024) 

No. of administrative staff 0.005 0.023 0.003 0.023 
 (0.010) (0.015) (0.010) (0.015) 

Area characteristics     

SEIFA Index   -0.122** -0.278*** 
   (0.050) (0.036) 

% of population under 5 years of age   -0.042*** 0.007 
   (0.015) (0.021) 

% of population over 65 years of age   0.005 -0.001 
   (0.004) (0.006) 

Min. distance to emergency department   -0.001 0.013 
   (0.007) (0.009) 

Ratio of GPs to population (per 1,000)   -0.047* 0.056* 
   (0.027) (0.031) 

Time-averages     

Proportion of female GPs -0.145 -0.787*** -0.066 -0.725*** 
 (0.198) (0.171) (0.178) (0.173) 

Proportion of AMGs 0.191 0.142 0.208 0.218 
 (0.203) (0.210) (0.200) (0.210) 

Proportion of GPs with FRACGP/FACRRM -0.085 -0.487*** -0.042 -0.461*** 
 (0.163) (0.152) (0.151) (0.153) 

Median GP age -0.016 -0.061*** -0.011 -0.060*** 
 (0.014) (0.008) (0.012) (0.008) 

No. of GPs in practice 0.017 -0.155*** 0.031 -0.151*** 
 (0.031) (0.022) (0.026) (0.022) 

No. of allied health professionals -0.020 0.029 -0.030 0.020 
 (0.023) (0.029) (0.022) (0.029) 
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No. of administrative staff -0.025* -0.006 -0.029** -0.007 
 (0.014) (0.020) (0.013) (0.021) 

Year effects [Excl. 2008]     

2009 -0.195***  -0.196***  

 (0.072)  (0.072)  

2010 -0.310***  -0.311***  

 (0.067)  (0.067)  

2011 -0.230***  -0.232***  

 (0.065)  (0.065)  

2012 -0.239***  -0.257***  

 (0.086)  (0.085)  

2013 -0.187**  -0.205**  

 (0.090)  (0.089)  

2014 -0.246***  -0.250***  

 (0.094)  (0.095)  

     

lambda (Hazard or Inverse Mill's ratio) 0.211  0.072  

 (0.338)  (0.286)  

     

Pseudo R2 [Selection (Probit) equation]  0.0967  0.1111 
     

F-test of joint significance of time-averages: P-
Value 

0.000 0.000 

Observations 3,313 3,313 

No. of practices 750 750 

Notes: Panel bootstrap standard errors in parenthesis (1,000 replications). Column 1 in panel A and B also includes time-averages 
of the year dummies which are excluded from the Table for brevity. ***, **, * indicate significance at 1%, 5% and 10%.  
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3.7 Discussion and conclusion 

Internationally, the optimal number of general practitioners is a significant health policy issue. 

Falling working hours and the increasing proportion of female GPs are likely to exacerbate 

workforce pressures in coming years (Harrison & Britt, 2011; McInnes, Peters, Bonney, & 

Halcomb, 2015). One of the key policy responses has been to encourage employment of nurses 

in primary care with the hope to improve the capacity of general practices and improve access 

to primary care services (T. S. Bodenheimer & Smith, 2013; Hoare et al., 2012; Parliament of 

Australia, 2007).  

In Australia, the government has been supporting the role of nurses in general practices through 

a favourable policy environment and substantial investment in incentive programs. The most 

recent initiative is the Practice Nurse Incentive Program (PNIP) introduced in 2012 which provides 

capitation-based funding to support the employment of nurses in general practices across 

Australia. Using data from a unique Australian longitudinal survey of doctors which has 

information on waiting times in general practices and participation in PNIP, this study is the first 

to evaluate the impact of a nurse incentive program on access to GP services. Applying a variety 

of panel data methods and the Heckman selection method to allow for self-selection into the 

program, we find no evidence that participation in PNIP is associated with a statistically 

significant reduction in the average waiting times in general practices.  

While our results suggest that providing nursing incentives might not lead to improved access to 

GP services, this finding should not be used to infer anything about the effectiveness of nursing 

incentives on other outcomes. Our focus is solely on the impact of PNIP participation on waiting 

times in general practices. We do not consider, for example, its impact on the quality of services 

provided in practices, the health outcomes of patients, the working patterns of GPs, costs, 

referrals, or the productivity of general practices. Ideally, a full evaluation of nursing incentives 

would also examine the effect on these other outcomes.  

In Appendix Table 3.A6 we examine the effect of PNIP on the number of nurses using OLS and 

fixed effects estimation and find that PNIP is associated with an increase in the number of nurses 

in general practices. However, as discussed before, the impact of nurses on access to GP services 
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critically depends on what kind of roles nurses perform in general practices – whether they 

provide additional services that complement the services provided by GPs or provide services 

that would otherwise be provided by GPs (i.e. substitute). If nurses provide complementary or 

extended services that create additional demand or improve the overall quality of the practice, 

then that might increase waiting times. A survey of GPs, practice nurses and practice managers 

in New South Wales found that practice nurses employed under PNIP were significantly more 

likely to provide services such as conducting Wellness Clinics, Care Coordination and Chronic 

Disease Management, as compared to those not employed under the PNIP (Aggar & Gordon, 

2013). These kind of services are more likely to complement the services that are provided by 

GPs and other nurses and might enhance the quality of the practice. However, we find that 

coefficient of PNIP participation was negative although statistically insignificant across different 

models, which suggests that participation in PNIP has not lead to increase in waiting times due 

to potential improvements in the quality of practice.   

This study is not without its limitations. The study uses data that covers only three years since 

the introduction of PNIP, 2012-2014. Therefore, the results capture only the short-run effects of 

the program. Secondly, identification of our endogenous treatment effects or the Heckman 

selection model relies on functional form restrictions on the joint distribution of error processes 

in the waiting time (outcome) equation and the PNIP (selection) equation which is not ideal, and 

it would be preferred if a clear exclusion restriction could be identified. 

In summary, caution is advisable in drawing inferences of causality from this analysis. 

Nevertheless, we think that our results offer reasonable grounds to believe that supporting 

employment of practice nurses in primary care may not necessarily lead to a reduction in waiting 

times for GP services. Practice nursing is yet to reach its full scope in Australian general practice, 

as several barriers to advanced nursing roles still exist. Some recent studies highlight that lack of 

clarity around nurses’ roles and responsibilities, lack of career structure and medico-legal 

obligations are among the key barriers to nurses and GPs collaborating in the Australian general 

practice (Halcomb et al., 2014; McInnes et al., 2015; McKenna et al., 2015). For nurses to reach 

their full potential in the primary care setting, these barriers should be addressed.  
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There is lack of evidence regarding the effectiveness of incentives to promote team-based 

primary care and its impact on health outcomes. Therefore, stronger evidence based on well-

designed studies is needed in this direction to inform future policy.  
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APPENDIX TO CHAPTER 3 

Table 3.A 1: Patterns of missing values for variables used in the analysis 

  Pattern                             

Percent 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

68% 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

10 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 

8 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 

4 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 

2 1 1 1 1 1 1 1 1 0 0 1 1 1 1 1 

8% Other patterns (94 patterns comprising less than 1% each)  
        

  

100%                                
 Variable key: (1) Proportion of AMG (2) Median GP age (3) PNIP dummy (4) SEIFA Index  (5) % of population over 

65 years of age (6) % of population under 5 years of age (7) Ratio of GPs to population (8) No. of GPs in practice (9) 

Min. distance to ED (10) Min. distance to hospital (11) No. of administrative staff (12) No. of allied health 

professionals (13) No. of Nurses (14) Waiting time for any GP in practice (15) Waiting time for a new patient 

              

Table 3.A 2: Comparison between characteristics of practices with and without missing information on 
waiting times 

  Waiting time for a new patient Waiting time for any GP in the practice 

  Non-missing Missing Non-missing Missing 

Explanatory Variables Obs Mean Obs Mean Obs Mean Obs Mean 

          

Proportion of female GPs 5584 0.52 1237 0.59*** 5656 0.54 1165 0.47*** 

Proportions of AMGs 5565 0.77 1226 0.79 5639 0.79 1152 0.72*** 

Proportion of GPs with RACGP/ACRRM fellowship 5,584 0.55 1,237 0.49*** 5,656 0.56 1,165 0.44*** 

GP median age 5559 51.58 1228 52.31** 5634 51.06 1153 54.90*** 

No. of GPs  5523 7.32 1094 4.89*** 5596 7.49 1021 3.82*** 

No. of nurses 5487 1.91 1079 1.16*** 5575 1.95 991 0.89*** 

No. of allied health professionals 5492 1.24 1078 0.72*** 5575 1.23 995 0.73*** 

No. of administrative staff 5505 4.55 1079 3.16*** 5592 4.7 992 2.19*** 

SEIFA Index 5542 1051.4 1114 1048.14 5621 1051.07 1035 1049.69 

% of population under 5 years of age 5540 5.58 1113 5.57 5619 5.59 1034 5.51 

% of population over 65 years of age 5540 13.32373 1113 14.30*** 5619 13.55 1034 13.14** 

Min. distance to emergency department 5424 3.67 1186 3.72 5492 3.72 1118 3.47*** 

Min. distance to hospital 5424 2.18 1186 2.28 5492 2.23 1118 2.07** 

Ratio of GPs to population (per 1,000) 5537 1.7 1113 1.60*** 5616 1.68 1034 1.73 

Notes: The Asterisks denote a significant difference in means for practices with information on waiting time non-missing as 

compared to those for which it is missing based on t-test of equality of means.  ***, **, * indicate significance at 1%, 5% and 10% 

respectively. 
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Table 3.A 3: Sample selection 

Total practice-year observations in MABEL waves 1-7 for practices in 
metro areas before 2012  

6,821 

Dropped 3,508 

Final sample 3,313 

Reasons for dropping: 
 

No observations since 2011 1,675 

Missing information on relevant variables 1,640 

Outliers in terms of waiting times 193 

TOTAL 3,508 

 
 

Table 3.A 4: Sample participation pattern of practices (xtdescribe, patterns(25)) 

Year: 1, 2, . . . , 7 
Delta (year) = 1 unit 
Span (year) = 7 periods 
(pracid*year uniquely identifies each observations) 
 
n = 1,877, T = 7 
 
Distribution of 𝑇𝑖 :  

min 5% 25% 50% 75% 95% max 

1 1 1 3 6 7 7 

 

Freq. Percent Cum. Pattern 

362 19.29 19.29 1111111 

272 14.49 33.78 1...... 

112 5.97 39.74 11..... 

81 4.32 44.06 ..1.... 

81 4.32 48.38 111.... 

75 4.00 52.37 ...1... 

75 4.00 56.37 .1..... 

67 3.57 59.94 1111... 

62 3.30 63.24 11111.. 

46 2.45 65.69 ...1111 

45 2.40 68.09 ..11111 

45 2.40 70.48 .111111 

43 2.29 72.78 111111. 

38 2.02 74.80 11111.1 

36 1.92 76.72 ...11.. 

30 1.60 78.32 ..11... 

28 1.49 79.81 .11.... 

22 1.17 80.98 .111... 
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18 0.96 81.94 1.1.... 

14 0.75 82.69 11.1111 

13 0.69 83.38 ..111.. 

12 0.64 84.02 ...111. 

11 0.59 84.60 1..1... 

10 0.53 85.14 ..1111. 

10 0.53 85.67 1111.11 

269 14.33 100.00 (other patterns) 

1877 100.00  XXXXXXX 

 

In the above Table 3.A4, the distribution of 𝑇𝑖 shows that 50% of practices are observed 3 years or more, 

and 25 percent of practices are observed 1 year. Looking at the participation pattern, 19.29% practices 

are observed for all seven years (2008-2014). 

Table 3.A 5: Patterns of PNIP participation for practices 

Participation 
patterns 

Frequency Percent Cumulative 

1 1 1 1,286 38.82 38.82 

. 1 1 224 6.76 45.58 

1 1 . 214 6.46 52.04 

1 . 1 229 6.91 58.95 

. 1 . 79 2.38 61.33 

. . 1 125 3.77 65.11 

1 . . 243 7.33 72.44 

. 1 0 26 0.78 73.23 

. 0 1 17 0.51 73.74 

0 . 1 28 0.85 74.58 

0 0 1 31 0.94 75.52 

0 1 1 55 1.66 77.18 

0 1 0 4 0.12 77.30 

1 0 0 5 0.15 77.45 

1 0 1 32 0.97 78.42 

1 1 0 24 0.72 79.14 

1 . 0 14 0.42 79.57 

1 0 . 22 0.66 80.23 

0 1 . 12 0.36 80.59 

. . 0 42 1.27 81.86 

0 . . 145 4.38 86.24 

. 0 . 30 0.91 87.14 

0 . 0 73 2.20 89.35 

. 0 0 52 1.57 90.91 

0 0 . 59 1.78 92.70 

0 0 0 242 7.30 100 

Total 3,313 100   
Notes: Table is for the analysis sample of 750 practices with 3,313 observations. 
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Table 3.A5 shows the patterns of PNIP participation for practices in the analysis sample for three years 

since the introduction of PNIP in the data - 2012, 2013 and 2014. ‘1’ denotes the practice reported 

participating in PNIP, ‘0’ denotes that the practice reported not participating and ‘.’ denotes that practice 

is not observed in the data. So, for example, pattern ‘1 1 1’ denotes that a practice participated in PNIP in 

all three years, 2012, 2013 and 2014, and pattern ‘0 1 1’ denotes that a practice did not participate in 

2012 but participated in 2013 and 2014. We find that 38.82% of practices reported participating in all 

three years. 8% of practices report switching between participating and not participating in the years they 

are observed in the estimation sample. Around 20% of the practices never participate in PNIP in the years 

they are observed in the estimation sample. 
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Table 3.A 6: Effect of PNIP participation on number of nurses in the practice 

 OLS Random effects Fixed effects 

Independent variables (1) (2) (3) 
    

PNIP participation 0.858*** 0.522*** 0.474*** 
 (0.130) (0.066) (0.069) 

Proportion of female GPs -0.158 -0.067 -0.041 
 (0.103) (0.085) (0.104) 

Proportion of AMGs 0.023 0.027 0.067 
 (0.110) (0.103) (0.138) 

Proportion of GPs with FRACGP/FACRRM -0.005 0.018 0.043 
 (0.092) (0.069) (0.081) 

Median GP age -0.001 -0.006 -0.007 
 (0.004) (0.004) (0.005) 

No. of GPs in practice 0.167*** 0.154*** 0.135*** 
 (0.014) (0.013) (0.015) 

No. of allied health professionals 0.074*** 0.051*** 0.046** 
 (0.023) (0.019) (0.021) 

No. of administrative staff 0.141*** 0.099*** 0.090*** 
 (0.019) (0.012) (0.012) 

Area characteristics    

SEIFA Index -0.414*** -0.310*** -0.193* 
 (0.067) (0.063) (0.109) 

% of population under 5 years of age -0.045 -0.001 0.049 
 (0.042) (0.041) (0.066) 

% of population over 65 years of age -0.010 0.004 0.016 
 (0.011) (0.012) (0.023) 

Min. distance to emergency department 0.033** 0.025 -0.215*** 
 (0.014) (0.016) (0.077) 

Ratio of GPs to population (per 1,000) 0.008 -0.035 -0.054 
 (0.057) (0.044) (0.057) 
    

Year effects [Excl. 2008]    

2009 0.119** 0.084* 0.067 
 (0.057) (0.044) (0.044) 

2010 0.126* 0.124** 0.114** 
 (0.066) (0.050) (0.051) 

2011 0.191*** 0.242*** 0.251*** 
 (0.072) (0.059) (0.060) 

2012 -0.450*** -0.137* -0.066 
 (0.126) (0.077) (0.082) 

2013 -0.385*** -0.068 0.002 
 (0.135) (0.084) (0.090) 

2014 -0.404*** -0.049 0.042 
 (0.127) (0.080) (0.085) 
    

Observations 3,313 3,313 3,313 

Number of practices 750 750 750 

Notes: Robust and clustered at practice level standard errors in parentheses. *** , **, * indicate significance at 1%, 5% and 10% 
respectively. 
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Table 3.A 7: Unconditional/Raw Difference-in-difference estimates 

 Period 
Overall 
(total) 

Raw/Unconditional 
DID estimates PNIP participation since 2012 2008- 2012 2012-2014 

     

Waiting time for new patient     

Never participated 1.66 1.69 1.67 (1.53-1.77) - (1.69-
1.66) = -0.27 Participated at least once 1.77 1.53 1.66 

     

Overall (total) 1.75 1.56 1.66  

     

Waiting time for any GP     

Never participated 0.89 0.86 0.88 (0.61-0.73) - (0.86-
0.89) = -0.09 Participated at least once 0.73 0.61 0.67 

     

Overall (total) 0.76 0.66 0.71  

     

Number of nurses     

Never participated 0.74 0.69 0.72 (2.71-2.29) - (0.69-
0.74) = 0.47 Participated at least once 2.29 2.71 2.49 

     

Overall (total) 1.99 2.38 2.15  

Notes: Table is for the analysis sample of 750 practices with 3,313 observations. 
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APPENDIX NOTES 

Note 3.A1: Detailed methods and formulas two-step Heckman selection method (Cerulli, 2015; 
StataCorp, 2015; Wooldridge, 2010) 

Here I abstract from the issue of practice-specific effects (dealt in the paper by using Mundlak (1978) 

approach) for simplicity purposes.  

The model in this study can be written as the following system of equations, ignoring the time subscripts: 

Primary outcome equation:  𝑊𝑖 = 𝛼𝑋𝑖 + 𝛽𝑃𝑁𝐼𝑃𝑖 + ∑ 𝜋𝑡𝑇𝑡𝑡 + 𝑐𝑖1 + 𝑢𝑖1 

Selection equations:               𝑃𝑁𝐼𝑃𝑖
∗ = 𝛿𝑍𝑖 + 𝑐𝑖2 + 𝑢𝑖2                                                           

                                                   𝑃𝑁𝐼𝑃𝑖 = 1[𝑃𝑁𝐼𝑃𝑖
∗ > 0] 

In this study 𝑍𝑖 = 𝑋𝑖. 𝑢𝑖1 and 𝑢𝑖2 are assumed to have bivariate normal distribution with zero mean and 

covariance matrix [
𝜎2 𝜌𝜎
𝜌𝜎 1

]. For the LIML or two-step estimator used in this paper, the first stage 

involves obtaining the probit estimates of the selection equation  

Pr(𝑃𝑁𝐼𝑃𝑖 = 1|𝑍𝑖) = Φ(𝑍𝑖𝛿) 

From these estimates, the hazard, 𝜆𝑖, for each observation 𝑖 is computed as  

𝜆𝑖 = 

{
 
 

 
           

  𝜙(𝑍𝑖𝛿)

Φ(𝑍𝑖𝛿)
       𝑃𝑁𝐼𝑃𝑖 = 1 

−
𝜙(𝑍𝑖𝛿)

{1 −Φ(𝑍𝑖𝛿)}
   𝑃𝑁𝐼𝑃𝑖 = 0

}
 
 

 
 

 

where 𝜙 is the standard normal density function. Then  

𝐸(𝑊𝑖|𝑃𝑁𝐼𝑃𝑖, 𝑍𝑖) = 𝛼𝑍𝑖 + 𝛽𝑃𝑁𝐼𝑃𝑖 + 𝜌𝜎𝜆𝑖 

𝑉𝑎𝑟(𝑊𝑖|𝑃𝑁𝐼𝑃𝑖, 𝑍𝑖) =  𝜎
2(1 − 𝜌2𝑞𝑖) 

where 𝑞𝑖 = 𝜆𝑖(𝜆𝑖 + 𝑍𝑖𝛿�̂�). Therefore, the parameter estimates of 𝛼 and 𝛽 are obtained by augmenting 

the regression equation with the hazard 𝜆 and then consistently estimating by OLS. A consistent estimate 

of the regression disturbance variance is obtained using residuals from the augmented regression (say 

(𝑒)) and the parameter estimate on the hazard  
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�̂�2 = 𝑒′𝑒 +
𝛽𝜆
2∑ 𝑞𝑖

𝑁
𝑖=1

𝑁
 

The two-step estimate of 𝜌 is then given by �̂� =
𝛽𝜆

�̂�
 .  

To understand how consistent estimates of the coefficient covariance matrix based on augmented 

regression are derived, let 𝐵 = [𝑍 𝑃𝑁𝐼𝑃 𝜆] and 𝐷 be a square diagonal matrix of size 𝑁 with (1 − �̂�2𝑞𝑖) 

on the diagonal elements. The variance-covariance matrix is 

𝑉𝑡𝑤𝑜𝑠𝑡𝑒𝑝 = �̂�
2(𝐵′𝐵)−1(𝐵′𝐷𝐵 + 𝑄)(𝐵′𝐵)−1 

where 𝑄 = �̂�2(𝐵′𝐷𝐵)𝑉𝑝(𝐵
′𝐷𝐵) and 𝑉𝑝 is the variance-covariance estimate from the probit estimation of 

the selection equation.  

Note 3.A2: Identification of practices and aggregation of data at practice level 

For identifying practices, the Australian Medical Publishing Company (AMP-Co.) Medical Directory of 

Australia (MDA) is used. The MDA is a comprehensive list of the population of doctors in Australia, 

including information on their practice location, gender, date of birth and speciality and MABEL uses the 

MDA as its sample frame. A snapshot of the MDA data has been received in May each year since 2008 

with a unique identifier so doctors can be tracked over time. Therefore, for GPs in the MABEL sample, we 

use their practice addresses as recorded in the MDA to identify practices.  

The practice addresses were first cleaned, and then Google geocoder was used to identify the latitude 

and the longitude for each cleaned address. We could identify latitudes and longitudes down to the level 

of unit/shop numbers. In order to generate practice identifiers, we first used both the exact cleaned 

addresses and the geocodes as a check. In 97% of the cases using either resulted in the same number of 

unique identifiers (i.e. it didn’t matter what is used to generate identifiers). So, latitudes and longitudes 

were finally used to generate practice identifiers.  

Only in 3% of the cases where the practice address had a very specific extra information such as ‘suite 

number’ in some of the years for a GP, generating practice identifiers using exact addresses resulted in 

some extra identifiers (170) for such cases. For example, if the practice address for a GP is recorded as 

‘suite 11, 40 Yeo street NEUTRAL BAY NSW 2089 Australia’ in the year 2008 and as ‘40 Yeo street NEUTRAL 

BAY NSW 2089 Australia’ in the year 2009, then using practice addresses to generate identifiers would 

result in these two addresses being treated as two different practices. However, these two addresses will 
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have the same latitude and longitude, and hence, for such cases, we used the latitude and longitude to 

generate a practice identifier.  
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4 IMPACT OF RURAL WORKFORCE INCENTIVES ON ACCESS 

TO GP SERVICES IN UNDERSERVED AREAS: EVIDENCE 

FROM A NATURAL EXPERIMENT 
 

 
 

 
 

Abstract: We investigate whether financial incentives aimed at improving recruitment and 

retention of physicians in rural and remote areas influence access to physician services in these 

areas. In 2010, the General Practice Rural Incentive Program (GPRIP) was introduced in Australia, 

causing an exogenous change in the eligibility for rural incentives for some geographical areas. 

Using difference-in-difference methodology, we find that, on average, GP practices in areas that 

became newly eligible for rural incentives experienced a reduction of 16% (0.805 days relative to 

the pre-GPRIP mean of 4.93 days) in the mean waiting time for new patients. Our mechanism 

analysis finds evidence that, relative to never eligible areas (i.e. metropolitan areas), the number 

of GPs in practices in newly eligible areas increased post-2010. We find no evidence of a decline 

in the number of GPs in always eligible areas (most remote areas). Our results indicate that 

providing rural incentives are associated with no decline in access to GP services, and therefore 

suggest caution with policies to reduce or remove rural incentives as that may lead to a reduction 

in the number of GPs in underserved areas and adversely affect access.  

Keywords: primary care; waiting times; rural workforce; financial incentives; difference-in-

differences; MABEL Survey 
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4.1 Introduction  

Many countries around the world face the problem of an inequitable distribution of health 

workers in rural and remote areas. According to the World Health Organisation, it is one of the 

major impediments to a well-functioning health system within countries (WHO, 2010b). Globally 

around half of the population lives in rural areas but are served by only about a quarter of the 

total physician workforce (Grobler et al., 2015; WHO, 2010b). The dearth of physicians in the 

rural communities is associated with reduced access and inferior health outcomes (Buykx et al., 

2010).  

Possible factors contributing to rural medical workforce shortages include inadequate workforce 

policies guiding the number of doctors in training, demanding working conditions, inadequate 

remuneration and professional development opportunities in rural practice, and social isolation 

(Buykx et al., 2010; Grobler et al., 2015; Rural Health Workforce, 2012). Policy makers use a range 

of interventions to improve recruitment and retention of the health workforce in rural and 

remote areas, and these can be categorised into four broad groups – education, regulation, 

financial incentives and, personal and professional support (WHO, 2010b). However, financial 

incentives comprise the most commonly used intervention for workforce retention (Buykx et al., 

2010). 

There has been considerable research examining the effectiveness of financial incentives in 

influencing the delivery of healthcare in general (Eccles et al., 2011) and also how changes in 

remuneration schemes affect the behaviour of physicians in particular (Flodgren et al., 2011). 

Empirical evidence suggests that financial incentives may be effective in changing the behaviour 

of healthcare professionals but have a relatively moderate, though statistically significant, role in 

their decisions (Eccles et al., 2011; McPake et al., 2014). Systematic reviews that particularly 

examine the interventions for increasing and retaining health professionals in rural and 

underserved areas find inconclusive evidence on the role of financial incentives in improving the 

relative distribution of workforce due to the dearth of well-designed studies (Buykx et al., 2010; 

Grobler et al., 2015). This highlights the need for further research with better study designs. 
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Increased recruitment and retention of physicians in rural areas are likely to affect access to their 

services in these areas. In addition, the effect of financial incentives on the income of physicians 

and the way incentives are delivered could affect physicians’ supply of health care (Clemens & 

Gottlieb, 2014; Gosden et al., 2001) via effect on their labour supply at the intensive margin, 

which can also have significant implications for access to their services as suggested by Chapter 

2.  

In this study, using a policy change in Australia in 2010 we examine the effect of financial 

incentives aimed at retention of physicians in underserved areas on access to their services, as 

measured by waiting times. Waiting times are an important measure of access to health services 

and central to the quality of healthcare (Siciliani & Hurst, 2003). Lack of access to primary care 

can lead to avoidable, increased use of hospital or emergency department which is far more 

expensive (Dolton & Pathania, 2016). 

In Australia, shortages and the inequitable distribution of general practitioners (GPs) remain a 

significant policy issue (Buykx et al., 2010; Rural Health Workforce, 2012). Since the 1990s the 

government has been implementing a range of initiatives to address rural workforce shortages 

involving significant investment in incentive schemes aimed at reallocation and retention of the 

medical workforce in rural and remote areas (Australian National Audit Office, 2009; Mason, 

2013; Rural Health Workforce, 2014). In 2010, the General Practice Rural Incentives Program 

(GPRIP) was introduced which resulted in a change in the remoteness classification system used 

to determine which geographical areas are eligible for rural incentives. Because of this, GPs in 

some areas experienced an exogenous change in their eligibility status by becoming newly 

eligible for rural incentives. A recent study (Yong, Scott, Gravelle, Sivey, & McGrail, Unpublished) 

examines the impact of this policy change on area level entry and exits of general practitioners 

in incentivised locations. It finds that provision of rural incentives attracted newly-qualified GPs 

to locate in the newly eligible locations but had no effect on relocation decisions of the existing 

GPs.  

This study contributes to the literature by analysing the impact of rural incentives on an 

important dimension of healthcare – access to physician services. Providing timely access to 
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health services is recognised as one of the key objectives of rural health policies (Department of 

Health, 2011). By exploiting the exogenous change in the eligibility for rural incentives with GPRIP 

using the difference-in-difference (DID) method, we analyse the effect of rural incentives on 

waiting times for GP services. In doing so, this study provides the first comprehensive empirical 

evidence on the impact of rural workforce incentives on access to physician services in 

underserved areas.  

We find that, relative to never eligible areas, GP practices in newly eligible areas on average 

experienced a reduction in waiting times for new patients by about 16% post-2010 and this 

evidence is robust across various specifications. We are unable to find any conclusive evidence 

on the effect of GPRIP on waiting times for existing patients due to pre-existing differential trends 

between our treatment and comparison groups in the two years before the policy change.  

To understand the mechanisms that may drive the changes in the waiting times, we examine the 

effect of GPRIP on the labour supply of the GPs at the intensive margin as measured by the total 

hours worked (per week), and on the extensive margin as measured by the number of GPs in the 

practice. Our analysis finds evidence that there is no effect on hours of work. Relative to never 

eligible areas (i.e. metropolitan areas), the number of GPs in practices in newly eligible areas 

increased post-2010 while there was no effect on the number of GPs in practices in always eligible 

areas. This finding resonates with Yong et al. (Unpublished) that rural incentive programs attract 

new GPs to work in newly eligible areas. 

The chapter proceeds as follows: Section 4.2 briefly describes the institutional context in 

Australia and provides details of GPRIP, section 4.3 presents the conceptual framework, section 

4.4 describes the empirical method and section 4.5 discusses the data and presents the 

descriptive statistics. Section 4.6 discusses the results of the regression analyses, and section 4.7 

presents results from the robustness analyses. In section 4.8, we present the results from a 

supplementary analysis of GPRIP shifting to the new Monash Modified Model (MMM) 

remoteness classification system in 2015 which resulted in some areas becoming ineligible for 

incentives. However, because of small sample size and only two years of data since the MMM 

adoption, we present this analysis as an additional analysis since it is not the primary focus of this 
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chapter. The study concludes with a discussion of the results and policy implications in section 

4.9.  

4.2 GP Funding in Australia  

GPs in Australia are primarily funded by fee-for-service, under the Medicare Benefits Schedule 

(MBS) which sets out fixed subsidies or rebates for various GP services. GPs can charge patients 

fees above the MBS rebate, and in that case, patients make out of pocket payments (known as 

co-payment). When a GP charge fees equal to the rebate amount, and hence there is no co-

payment for patients, it is known as ‘bulk-billing’. Medicare provides additional rebates (bulk-

billing incentives) if the GP bulk-bills specific groups of patients – Commonwealth Concession 

Card holders and children under 16 years of age (Department of Human Services, 2015a).60 In 

recent years, around 80 percent of GP services have been bulk-billed in Australia (Department of 

Health, 2017).    

In the past decade, the number of GPs in regional, remote and rural Australia has improved 

significantly (Rural Health Workforce, 2014, 2016), but the rise has not been sufficient to bring 

GP-to-populations ratios in rural areas close to that in major cities. In 2014-15, there were 94 full-

service equivalent (FSE) GPs per 100,000 population in major cities whereas the figure was 63 in 

remote areas (Australian Bureau of Statistics, 2016b; Department of Health, 2015).61 GPs in rural 

and remote areas receive additional funding and support to encourage them to work and stay in 

these underserved areas. The Australian government has been undertaking a range of initiatives 

to address rural health workforce shortages, such as financial and non-financial incentives, and 

encouraging exposure of medical students and doctors in training to rural practice and rural 

location training (Mason, 2013).  

                                                           
60 Concession cards provide access to Pharmaceutical Benefits Scheme prescription items, and certain Medicare services, at a 
cheaper rate. There are six types of concession cards provided by the government – Health Care Card, Commonwealth Seniors 
Health Card, Low Income Health Care Card, Pensioner Concession Card, Ex-Carer Allowance (Child) Health Care Card, Foster Child 
Care Card. For more details see: https://www.humanservices.gov.au/customer/subjects/concession-and-health-care-cards 
61 Full Service Equivalent (FSE) is currently used by the Department of Health, Australia, as a measure of the medical workforce. 

It supersedes and replaces Full-time Workload Equivalent (FWE) and Full-time Equivalent (FTE) measures of medical workforce. 
FSE uses a robust mathematical model to measure workload. Inputs to the model include each practitioner’s Medicare billing 
days, services per day and an estimated measure of ‘hours worked’ based on time‐based items and fee relativities. One FSE is the 
statistical equivalent of a workload of 7.5 hours per day, five days per week. 
See: http://www.health.gov.au/internet/main/publishing.nsf/Content/General+Practice+Statistics-1 

https://www.humanservices.gov.au/customer/subjects/concession-and-health-care-cards
http://www.health.gov.au/internet/main/publishing.nsf/Content/General+Practice+Statistics-1
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4.2.1 The General Practitioner Rural Incentives Program (GPRIP)   

The General Practitioner Rural Incentives Program (GPRIP) was announced as a part of the Rural 

Health Workforce Strategy in the 2009-10 Federal Budget.62 It commenced in July 2010, and since 

then it has been one of the main structures for the delivery of financial incentives to rural GPs. 

The program consists of two components: 1) the GP retention component which streamlined and 

consolidated two previously separate retention incentive programs - the Rural Retention 

Program (RRP) and the Registrars Rural Incentive Payment Scheme (RRIPS), and 2) the Rural 

Relocation Incentive Grant (RRIG). In addition, the Australian Standard Geographical 

Classification (ASGC) was adopted as the basis for determining which geographic areas were 

eligible for incentives. Before 2010, the General Practitioner Accessibility and Remoteness Index 

of Australia (GPARIA) was used to define the locations eligible for assistance under the Rural 

Retention Program (Australian National Audit Office, 2009). Within the newly applied ASGC 

framework, locations classified as RA1-Major cities were not eligible, while the other four 

categories of RA2-Inner regional, RA3-Outer regional, RA4-Remote and RA5-Very remote, were 

eligible. Figure 4.1 shows the ASGC-RA classification of areas. The main effect of this policy 

change was that geographic areas not previously eligible in RA2 and some areas of RA3 became 

newly eligible for incentives. Department of Health figures for 2010-11 report that around 8,000 

doctors became newly eligible for retention payments (Mason, 2013). As for the Rural Relocation 

Incentive Grant (RRIPS), the uptake was very limited, and it was discontinued in 2015. 

The size of the incentive payments under GPRIP is based on the location, length of time medical 

services been provided in eligible locations, and clinical workload. For doctors in locations that 

become newly eligible from 1 July 2010, their eligible services were assessed from 1 July 2010 

onwards and were subject to the GPRIP payment rates and rules. The initial payments under 

GPRIP were made when doctors completed an initial qualifying period of continuous service. The 

qualifying period is 4 active quarters (12 active months) for doctors located in ASGC-RA 2 

locations. For doctors located in ASGC RA3-5, the first two payments were made on completion 

of 2 active quarters (6 active months). Thereafter, payments were made on completion of 4 

                                                           
62 The Australian Federal Budgets for a financial year (ending 30 June) are presented in May each year.   
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active quarters.63 For doctors who received payments under the previous RRP, grandparenting 

payments were arranged until June 2013, after which they received the GPRIP payments.64 

Once qualified for initial payments, doctors become eligible for subsequent payments every 4 

active quarters, if they provide a reasonably continuous service. Doctors’ eligibility is assessed 

each quarter by counting the number of active quarters they have completed, based on Medicare 

records relating to their locations and workload. Clinical workloads are taken into account, as 

reflected by the schedule fee value of claims processed for their services in eligible locations. If 

the value of claims made by a GP is $80,000 or more in the preceding 12-month period (4 active 

quarters), they are entitled to the maximum annual payment for their locations. If the value of 

the claims is less, they are entitled to a pro-rata payment. Table 4.1 presents the maximum 

annual incentive payments available under GPRIP. 

The main effect of the introduction of GPRIP in 2010 was that GPs located in areas that became 

newly eligible could claim the rural incentives for the first time. Therefore, a GP in the newly 

eligible area, say in ASGC-RA2, could initially claim $2,500 after the first year of service in the area 

and after five years could claim up to $12,000 annually. Given that the average annual earnings 

of a GP are around $182,000 (Scott et al., 2013), this means that, on average, GP earnings would 

have increased by 1.4% after the first year of GPRIP and up to 6.6% by 2014-15 in nominal terms. 

For comparison purpose, Table 4.2 presents the maximum annual payments under the old pre-

2010 RRP.   

 

 

 

 

 

                                                           
63 This does not apply to medical practitioners eligible for grandparenting arrangements who were in areas always eligible 

under old and new geographic classifications. 
64 Grandparenting payments were based on the comparison of payments under old RRP and new GPRIP, and the GP received the 

higher amount until June 2013.   
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Figure 4.1: ASGC-RA classification of areas 

 

 
 

 
Table 4. 1: Maximum annual Incentive payments available across ASGC categories under GPRIP 

ASGC-RA Location 
Length of service in rural and remote location 

0.5 year 1 year 2 years 3-4 years 5+ years 

RA2-Inner regional - $2,500 $4,500 $7,500 $12,000 

RA3-Outer regional $4,000 $6,000 $8,000 $13,000 $18,000 

RA4-Remote $5,500 $8,000 $13,000 $18,000 $27,000 

RA5-Very remote $8,000 $13,000 $18,000 $27,000 $47,000 
                        Source: (Department of Health, 2014) 
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Table 4. 2: Maximum annual Incentive payments available under Rural Retention Program (GP 
component) 

Retention Payment 
Category 

Qualifying 
Period 

Maximum Annual 
Payment Rate 

A (least rural) 6 years $5,000 

B 5 years $10,000 

C 3 years $15,000 

D 2 years $20,000 

E (most rural) 1 year $25,000 
                                 Source:(Department of Health and Ageing, 2008) 

Table 4.1 and Table 4.2 show that for GPs in the least rural areas (category A and RA2), GPRIP is 

more generous with a qualifying period of 1 year compared to a qualifying period of 6 years under 

RRP. After ten years, the RRP would have paid a GP $25,000 ($5,000 annually from the 6th year), 

while GPRIP would have paid $86,500 (total of $26,500 after first five years and total of $60,000 

in next five years) to a GP. Applying a similar logic, GPs in very rural areas (category E and RA5) 

who were eligible before and after 2010, the payments would be higher under GPRIP compared 

to RRP post-5 years of service, whereas if the length of service is less than five years, then GPs 

would have received more under the RRP. Therefore, GPRIP aimed to encourage GPs to stay 

longer in such areas.  

On 1 July 2015, new eligibility criteria were introduced for the GPRIP. The program moved to 

the Modified Monash Model (MMM) to determine eligible locations. The MMM classification 

system also uses the ASGC-RA as the base. However, it further differentiates areas in inner and 

outer regional Australia based on population size to determine total seven categories, MM1 to 

MM7 (presented in Appendix Table 4.A1). MM3-7 are eligible for rural incentive payments. The 

key change under MMM classification is that areas in ASGC RA2 and RA3 are divided into four 

categories MM2-5 based on population size, and so some of the 2010 newly eligible areas in RA2 

and RA3 would have again become ineligible since 2015 (those classified as MM2 under MMM). 

However, the number of such locations is likely to be very small.65 Therefore, in this study our 

                                                           
65 We could not find any information on Department of Health website on how many locations in RA2 and RA3 became ineligible 
under MMM so we could not find any official figures. In our estimation sample, only 164 GPs with 707 observations who became 
newly eligible for rural incentives in 2010, became ineligible under MMM in 2015. 
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primary focus is the 2010 policy change and, so we use data until 2014 for our primary analysis. 

We examine the effect of 2015 policy change as a supplementary analysis in section 4.8. 

4.3 Conceptual framework  

In this study, we are interested in understanding the effect of financial incentives aimed at 

retention and recruitment of physicians in underserved areas on access to primary care services, 

as measured by waiting times. Waiting times are determined by the interaction of demand for 

and supply of medical services (Gravelle et al., 2003; Martin & Smith, 2003). On the supply side, 

the production function and hence the provision of services are likely to be affected by physician 

and non-physician labour inputs, the remuneration scheme that determines productive 

efficiency, and physician and practice characteristics (Gaynor & Pauly, 1990; Olsen et al., 2013; 

Sarma et al., 2010).   

GPRIP is a supply-side policy which provides financial incentives to GPs to work and stay in 

underserved areas. There are several mechanisms through which GPRIP could affect waiting 

times. The first mechanism is the extensive margin of physician labour supply: the effect on the 

retention and recruitment of physicians in practices (the physician labour input) in the eligible 

areas. The number of GPs in an area with a given population will determine waiting times. The 

GPRIP could encourage GPs to stay longer and encourage new GPs to enter an eligible area. 

Maintaining or increasing supply could reduce waiting times, ceteris paribus. Increased 

recruitment and retention will also reduce the time gaps between GPs leaving and the 

recruitment of GPs to fill vacancies which can also influence waiting times. Longer duration of 

employment is usually associated with increased experience, better local knowledge and skills, 

and hence higher efficiency (Humphreys, Wakerman, Pashen, & Buykx, 2009). Therefore, high 

turnover of physicians is likely to adversely affect the productivity of a practice as GPs are not 

perfect substitutes (Humphreys et al., 2009; Waldman, Kelly, Aurora, & Smith, 2004).  

Though the GPRIP is primarily aimed at improving retention, it might also influence GPs’ decisions 

to relocate from less rural to more rural areas, as well as attract newly qualified GPs to practice 

in rural areas. Both of these mechanisms can influence waiting times in rural areas through an 

increase in supply. Yong et al. (Unpublished) examine the impact of GPRIP on the mobility of GPs 
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at area level and find that the program led to an increase in the entry of newly qualified GPs into 

the newly eligible areas. Their estimates suggest that the number of new entries rose by around 

0.08 per area, which is an increase of around 50% relative to the overall mean of new GP entries 

of 0.15 per location. However, the study finds that rural incentives did not have the intended 

effect of reducing exits of GPs already in newly eligible areas. In areas that were always eligible, 

the study finds no effect of the program on the overall stock of GPs, due to an increase in 

relocation entries being offset by an equal increase in relocation exits. These results suggest that 

providing financial incentives is not very useful in improving retention of existing GPs in 

underserved areas. However, if financial incentives help attract newly qualified GPs to work in 

rural areas and encourage existing GPs to relocate to more rural areas then that could 

counterbalance some of the negative impacts on access of low retention of existing GPs. The 

overall impact of rural incentives on access to physician services through changes in the extensive 

margin of physician supply is therefore ambiguous.   

Since the GPRIP funding is delivered to GPs on the basis of their clinical workload, there could be 

other unintended effects of financial incentives on the labour supply of physicians at the intensive 

margin (hours of work). GPs in areas that became newly eligible for rural incentives under GPRIP 

experienced an exogenous increase in their earnings.  The income effect could lead to a reduction 

in hours worked, i.e. backward bending supply, while the substitution effect could lead to an 

increase in hours worked. The net impact would depend on which effect is stronger. Evidence 

from labour supply models for physicians suggests that increases in the level of remuneration are 

likely to have a positive effect on hours worked and workforce participation (Baltagi, Bratberg, & 

Holmås, 2005; McPake et al., 2014; Sæther, 2005). Although the effects are relatively small in 

magnitude. However, there is also some evidence, including from Australia using MABEL data, of 

backwards-bending labour supply where average hours worked fall with increases in 

remuneration levels (Kalb et al., 2015; Whalley, Gravelle, & Sibbald, 2008).  

Under GPRIP, the minimum service threshold is likely to discourage a backward bending supply 

response. For example, our back-of-the-envelope calculation indicates that a GP who is spending 

about 12 or more hours a week in standard level B consultations (defined as being less than 20 

minutes in duration) would reach the maximum annual claim threshold of $80,000 in Medicare 
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billing under GPRIP.66 It suggests that whether a GP has an incentive to increase his/her hours to 

get higher incentive payments would depend on their current level of hours worked. Changes in 

physician labour supply at the intensive margin would have significant implications for waiting 

times for physician services, as the second chapter of the thesis suggests. Therefore, if GPRIP 

resulted in changes in hours worked by a GP, then it is also likely to be associated with changes 

in waiting time for the GP. 

4.4 Empirical method  

We examine the effect of rural incentives on waiting times using the changes induced by an 

administrative shift in the system of remoteness classification used for determining eligibility for 

rural incentives. In 2010, adoption of ASGC-RA geographical classification system under GPRIP 

resulted in an exogenous change in the eligibility for rural incentives where GPs located in some 

areas that were previously ineligible for rural incentive payments became eligible post-2010. We 

define three groups – (1) GPs located in areas that were always eligible for rural incentives (i.e. 

eligible before and after 2010) (2) GPs located in areas that became newly eligible for rural 

incentives (i.e. became eligible since 2010), and (3) GPs located in areas that were never eligible 

for rural incentives (i.e. not eligible before or after 2010). For GPs in locations that were always 

eligible for rural incentives, the financial incentives changed with GPRIP compared to the old 

scheme, but eligible GPs were ‘grand-fathered’ into the new payments for first three years (until 

2013), and so behaviour would be unlikely to change. The GPs in locations that became newly 

eligible would have received rural incentives for the first time under GPRIP (as discussed in 

section 4.2.1). Therefore, relative to the ‘never eligible’ group, the change in incentives was larger 

for the ‘newly eligible’ group than the ‘always eligible’ group. Given that rural financial incentives 

aim to attract and retain GPs in eligible areas and hence not move to ineligible areas, it is not 

strictly correct that GPs located in never eligible areas were unaffected by the policy. In fact, the 

change of remoteness classification system differentially affected the GPs in the three types of 

                                                           
66 If we assume that GP spends all time in standard level B consultations for which Medicare rebate is $32.8 and our data shows 

that GPs spend on average around 15 minutes for a level B consultation, so to have $80,000 in Medicare billing it would require 
$80,000/32.8 = 2,439 level B consultations (visits). This means that GP would need to work for (2,439 x 15mins)/60 = 610 hours 
on average in a year. And 610 hours in a year is equal to (610/52 weeks) 11.7 hours a week.  
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areas. We exploit these differential shocks due to GPRIP using the difference-in-difference (DID) 

methodology to analyse the effect of rural incentives on access to GP services.      

We can write the standard DID equation as: 

         𝑌𝑖𝑗𝑡 = 𝛼 + 𝜃0𝑃𝑜𝑠𝑡𝑡 + 𝜃1𝐴𝑖 + 𝜃2𝑁𝑖 + 𝛿1(𝑃𝑜𝑠𝑡𝑡 ∗ 𝐴𝑖) + 𝛿2(𝑃𝑜𝑠𝑡𝑡 ∗ 𝑁𝑖) + 𝜖𝑖𝑗𝑡                          (1) 

where subscript 𝑖 indicates individual GP, 𝑗 indicates the practice and 𝑡 index the year of 

observation. 𝑃𝑜𝑠𝑡𝑡 is an indicator variable which equals one in the years since GPRIP was 

introduced (2010-2014) and zero in the pre-GPRIP years (2008 and 2009) and so the reference 

period to examine the effects of the policy change is 2008 and 2009.67 𝑃𝑜𝑠𝑡𝑡 captures the average 

shift in outcomes post GPRIP common to all groups. 𝐴𝑖  is an indicator variable which takes value 

one for the GPs in locations that were always eligible and zero otherwise, and 𝑁𝑖 is an indicator 

variable which takes value one for the GPs in locations that became newly eligible and zero 

otherwise. The omitted group is the GPs in locations that were never eligible, and therefore these 

two indicator variables control for permanent differences in outcomes for the GPs in always and 

newly eligible locations relative to the GPs in never eligible locations. The key variables of interest 

are the interaction between the post-GPRIP indicator and the always and newly eligible group 

indicators. Coefficient 𝛿1 captures the change in outcomes since the introduction of GPRIP for 

the ‘always eligible’ group relative to the ‘never eligible’ group, and coefficient 𝛿2 captures the 

change in outcomes since the introduction of GPRIP for the ‘newly eligible’ group relative to the 

‘never eligible’ group. Therefore, our DID estimator compares the changes in an outcome, 𝑌, for 

GPs in always eligible areas and GPs in newly eligible areas before and after the policy change 

with the GPs in never eligible areas, controlling for any contemporaneous or economy-wide 

changes.  

When several pre-and-post treatment periods are available, time fixed effects can be added that 

control for unobservable time-specific variation in outcomes common to all GPs. Also, including 

time fixed effects does not assume that a common change in outcome is a simple change in level. 

                                                           
67 GPRIP was implemented in July 2010, so the first incentive payments under the scheme were based on eligible services 
provided by GPs from 1 July 2010 onwards. The MABEL surveys are conducted between June and December each year. So, the 
reference period for the policy change is 2008 and 2009.      
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Instead, it allows common changes in the outcome to vary by year. Further, GPs and their 

practices located in the never eligible areas might be different from those in always and newly 

eligible areas in observed and unobserved ways. To control for observed (time-varying and time-

invariant) differences in the characteristics of the GPs and their practices that might affect 

outcomes, we include observed characteristics of the GP, the practice and the practice location 

as covariates in the analysis. The inclusion of these covariates is likely to lead to more precise 

estimates of the causal effect of the policy change on outcomes by soaking up some of the 

residual variation in outcomes and hence better isolate the effect of the policy change (Angrist & 

Pischke, 2008). To further control for unobserved time-invariant differences between GPs that 

might explain a part of the variation in outcomes, we also estimate DID model with GP fixed 

effects.68  

Specifically, we estimate the following DID specifications:  

Difference-in-difference  

    𝑌𝑖𝑗𝑡 = 𝛼 + 𝛽𝑋𝑖𝑡 + 𝛾𝑍𝑗𝑡 + 𝑇𝑡 + 𝜃1𝐴𝑖 + 𝜃2𝑁𝑖 + 𝛿1(𝑃𝑜𝑠𝑡𝑡 ∗ 𝐴𝑖) + 𝛿2(𝑃𝑜𝑠𝑡𝑡 ∗ 𝑁𝑖) + 𝜖𝑖𝑗𝑡          (2) 

where 𝑌𝑖𝑗𝑡 is one of our outcomes: measures of waiting times (our primary outcomes), measures 

of GP labour supply – total hours worked by GP (intensive margin) and number of GPs in the 

practice (extensive margin). 𝑋𝑖𝑡 is a vector of GP characteristics and 𝑍𝑗𝑡 is a vector of practice and 

practice’s location characteristics. 𝑇𝑡 is fixed effect for year t.  Inclusion of year fixed effects 

absorbs the coefficient on 𝑃𝑜𝑠𝑡𝑡.  

Difference-in-difference with GP fixed effects 

           𝑌𝑖𝑗𝑡 = 𝛼 + 𝛽𝑋𝑖𝑡 + 𝛾𝑍𝑗𝑡 + 𝑇𝑡 + 𝜙𝑖 + 𝛿1(𝑃𝑜𝑠𝑡𝑡 ∗ 𝐴𝑖) + 𝛿2(𝑃𝑜𝑠𝑡𝑡 ∗ 𝑁𝑖) + 𝜖𝑖𝑗𝑡                   (3) 

where 𝜙𝑖  represents the unobserved individual GP fixed effects. Since this specification includes 

GP fixed effects, the coefficient on group indicators 𝐴𝑖   and 𝑁𝑖 are absorbed in this specification. 

                                                           
68 In the data, we can identify practices based on GPs’ practice addresses. However, since our treatment and comparison groups 

are also defined based on location where a GP practices, treatment indicators (and hence GP fixed effects) and practice fixed 
effects would be collinear. This is because any practice address would always fall under as one of ‘always’, ‘newly’ and ‘never’ 
eligible location categories. So, a model with both GP and practice fixed effects will be highly collinear.  
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To account for possible serial correlation of the outcome over time, standard errors are clustered 

at GP level in all specifications.   

We do not additionally control for the area (postcode) fixed effects because in the estimation 

sample (discussed in the next section) very few GPs move postcodes and so controlling for GP 

fixed effects would also subsume the time-invariant area (postcode) level characteristics.69 

However, as a robustness check, we estimate models with GP fixed effects but standard errors 

clustered at area level; with area fixed effects (only) and errors clustered at the area level, and 

with area fixed effects (only) but standard errors clustered at GP level. Section 4.7 presents the 

results. 

The key identifying assumptions of the DID estimator is the “parallel trends” assumption (Pischke 

& Angrist, 2009; Ryan, Burgess, & Dimick, 2015). The parallel trends assumption implies that 

conditional on covariates, the average change in the outcome for GPs in never eligible areas 

represents the counterfactual trend for GPs in always and newly eligible areas in the absence of 

the policy change. Thus, any difference in the differences in outcome between the eligible 

(always and newly eligible) groups and the never eligible group can be attributed to the policy 

change. In other words, unobserved temporal factors affect the eligible and the never eligible 

groups equally. Thus, this assumption also implies that covariates (𝑋, 𝑍) and fixed effects in our 

model should capture all the factors that could lead to differential trends.  

With multiple periods before the policy change, a standard approach to examine the parallel 

trends assumption is statistically testing whether the pre-policy trends are statistically different 

between treatment and comparison groups (Pischke & Angrist, 2009; Ryan et al., 2015). In section 

4.7, we perform this test for parallel trends as part of robustness analyses and compare pre-

policy trends between the always eligible, newly eligible and never eligible groups. 

Another potential complication for our analysis is GPs in the sample moving in and out of always 

eligible, newly eligible and never eligible areas due to policy change, i.e. contamination between 

the treatment and comparison groups. McGrail and Humphreys (2015) examined the 

                                                           
69 This was evident when in our preliminary analysis, we included area (postcode) fixed effects in addition to GP fixed effects and 

the standard errors of the area level characteristics became very large indicating much less within-GP variation. 
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geographical mobility of GPs in Australia, both within rural areas and between rural and 

metropolitan areas. They find that GP mobility is very low in Australia with a mobility rate of 

rural-urban relocations being less than 4%. Therefore, contamination is not likely to be a major 

issue in our study. Moreover, for our analyses, we exclude those GPs from the sample who 

changed location and moved to an area with different eligibility status during the study period to 

avoid any contamination.70   

4.5 Data and descriptive statistics 

4.5.1 Data 

The study uses two datasets – the Australian Medical Publishing Company (AMP-Co.) Medical 

Directory of Australia (MDA) and the first nine waves (2008-2016) of the Medicine in Australia: 

Balancing Employment and Life (MABEL) panel survey of Australian doctors. The MDA is a 

comprehensive list of the population of doctors in Australia, including information on their 

practice location, gender, date of birth and speciality. MABEL is a prospective cohort study of 

workforce participation, labour supply and its determinants among Australian doctors which uses 

the MDA as its sample frame. A snapshot of the MDA data has been received in May each year 

since 2008 with a unique identifier so doctors can be tracked over time. The MABEL survey 

provides exceptionally rich data on practice settings, personal characteristics, working 

conditions, geographic location, job satisfaction and family circumstances (Joyce et al., 2010). 

The surveys are conducted between June and December each year (the pilot survey is sent out 

in February each year). For the first wave in 2008, a total of 54,750 doctors (representing the 

population of all doctors in clinical practice in Australia) across four broad groups within the 

medical workforce were invited to participate. The response rate was 19.36% with a total of 

10,498 doctors in the baseline cohort, which includes 3,906 GPs, 4,597 specialists, 1,072 

specialists-in-training, and 924 hospital non-specialists.  Joyce et al. (2010) found the 2008 cohort 

to be representative of the overall doctor population with respect to age, gender, geographic 

                                                           
70 Generally, DID estimator used with repeated cross-sectional data requires additional assumption that composition of the 

treated and untreated (comparison) groups are stable overtime. In other words, the distribution of observables within groups do 
not change overtime (Cameron & Trivedi, 2005). However, with longitudinal data one can control for time-varying changes in 
observables and time-invariant changes in unobservables within groups.    
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location, and hours worked. In each subsequent wave, all doctors who had previously completed 

a survey and a new cohort of doctors were invited to participate. Attrition of the 2008 cohort in 

2014 is 49.9%, though with new cohorts included each year, cross-sectionally the number of 

responding doctors is just under 10,000 on average. Attrition is higher among each of the new 

cohorts, between 53-69%, mainly because these samples consisted of doctors new to clinical 

practice who tend to have lower response rates generally and are less likely to participate 

longitudinally. The MABEL attrition rates are lower in comparison with other medical workforce 

surveys, both nationally and internationally (such as the US Community Tracking Study) (Cheng 

& Trivedi, 2015; Taylor et al., 2015). This study uses data for the period 2008-2014 for the primary 

analysis of 2010 policy change and uses data for period 2010-2016 for additional analysis in 

section 4.8.  

Variables 

Defining the study groups: Using MDA data for the period 2008-2014, each address was coded 

as ‘always eligible’, ‘newly eligible’ or ‘never eligible’ based on suburb and postcode. Always 

eligible locations are those that were eligible for incentives both under RRP and GPRIP, newly 

eligible locations are those that were not eligible for incentives under RRP but became eligible 

under GPRIP, and never eligible locations are those that were not eligible under both RRP and 

GPRIP. These data are matched to individual GP data from MABEL survey using GP’s practice 

address (suburb and postcode), and indicator variables are created for each eligibility category. 

Following the change in rural classification in 2015, MDA data for 2015 and 2016 was used to re-

classify each address as one of the seven categories under MMM classification system and then 

matched with MABEL data to determine which GPs remained eligible and which became 

ineligible under MMM since 2015.      

Waiting times and measures of labour supply: Each wave of the MABEL survey asks GPs 

questions about their workload in most recent usual week, including three types of waiting times: 

“Excluding emergencies or urgent needs, for how many days does a patient typically have to wait 

for an appointment with 1) You, their preferred doctor in the practice; 2) Any doctor in the 

practice, and How long does a new patient typically have to wait for an appointment in your 
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practice?”. While the first one is a measure of individual GP waiting time, the latter two are 

measures of practice level waiting times. The survey also provides information on average total 

hours worked (per week) by GP and number of GPs in practice. We use total hours worked and 

number of GPs in the practice as measures of GP labour supply at the intensive and extensive 

margin respectively.   

Covariates: We include in our analyses a set of variables representing the characteristics of the 

GP, the GP’s practice and the practice location. GP characteristics include gender, age, whether 

GP is an Australian Medical graduate, whether GP has a post-graduate qualification or fellowship 

(a measure of quality), and average consultation length as a measure of practice style (Schurer 

et al., 2016).71 Practice-related characteristics include the number of allied health professionals 

and administrative staff in practice and GP’s business relationship with the practice 

(principal/partner, associate, employee or locum). Characteristics of the practice location include 

population size, median household income, age distribution and socioeconomic status using 

Socio-Economic Indexes for Areas (SEIFA).72 These GP and practice related characteristics are 

likely to affect demand and hence influence waiting times.73   

Study sample 

The unit of analysis is a GP. The original sample size for GPs in first seven waves of MABEL (used 

for primary analysis) is an unbalanced panel 6,707 GPs with 24,609 observations.74 For 6,582 GPs 

with 23,760 observations, their practice location (suburb and postcode) could be matched to a 

location in the MDA data (2008-2014). For reasons discussed earlier (in Section 4.4), we exclude 

those GPs from the sample who changed location and moved to an area with different eligibility 

status during the study period. This resulted in a sample of 20,521 observations on 5,742 GPs. 

Table 4.3 presents the details.  

                                                           
71 We also estimated models excluding consultation length as a covariate and the results were unchanged.    
72 See Australian Bureau of statistics http://www.abs.gov.au/websitedbs/censushome.nsf/home/seifa for definition. 
73 See (Cheraghi-Sohi et al., 2008; Gandhi et al., 1997; Gerard et al., 2008; Gravelle et al., 2016; Gravelle et al., 2003; Laudicella 

et al., 2012; Martin et al., 2003; Roll et al., 2012; Scott, 2000; Scott & Vick, 1999; Scott et al., 2003; Sharma et al., 2013; Turner et 
al., 2007) for related literature. 
74 The analysis sample for additional analysis of MMM policy change is discussed in section 4.8.  

http://www.abs.gov.au/websitedbs/censushome.nsf/home/seifa
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We further restrict the sample to GPs who have at least one observation before, and one after, 

the introduction of GPRIP in 2010 and this leaves a sample of 16,089 observations on 3,026 GPs. 

In addition to total hours worked, the survey also asks GPs to report the number of hours worked 

in different settings and on different activities.75 We exclude from our analyses GP-year 

observations where the difference between the total number of working hours reported across 

different settings and the reported weekly total hours worked is 5 or more hours. Further, we 

exclude GP-year observations if total hours worked per week were less than 4 hours or greater 

than 75 hours a week; or if the waiting time for an appointment with the GP or waiting time for 

a new patient were reported to be higher than 30 days, or waiting time for any GP was reported 

to be more than 15 days.76  

Table 4. 3: Sample available for analysis 

GPRIP status of GPs practice location No. of GPs Observations 

GPs in areas that were always eligible 983 3,171 

GPs in areas that became newly eligible 1,093 3,675 

GPs in areas that were never eligible 3,666 13,675 

Sample available for analysis 5,742 20,521 
   

GPs that changed location to area with different 
eligibility status (2008-2014) 

840 3,239 

TOTAL 6,582 23,760 

 

Finally, we restrict the sample to GP-year observations with non-missing information on all 

variables used in the analysis. The analysis sample size is 9,187 observations on 2,186 GPs. The 

analysis sample has broadly similar characteristics to the GP population (Australian Institute of 

Health and Welfare, 2015), except that it has a higher proportion of female GPs (48% against 40% 

in the GP population) which may account for the average total hours worked per week being 

lower than the population average (37.38 against 42.7 hours in the population over 2008-2014). 

                                                           
75 The settings in which GPs are asked to report hours worked are – Private medical practitioner’s room, Community Centre/state-
run primary care organization, public hospital, private hospital, residential/aged care facility, aboriginal health service, Govt. 
department/agency/defense forces, tertiary education institution, and other. The activities on which GPs are asked to report 
hours worked are – Direct patient care, indirect patient care, education activities, management and administration, and other.  
76 Appendix Table 4.A3 presents the number of observations that were lost for different reasons. 
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4.5.2 Descriptive analyses  

Table 4.4 presents the sample descriptive statistics for always eligible, newly eligible and never 

eligible groups. Appendix Table 4.A4 presents the overall summary statistics aggregated across 

all three groups for the estimation sample. GPs in always eligible and newly eligible areas differ 

from GPs in never eligible areas in several characteristics. Differences in area-level characteristics 

are expected given that the groups are defined based on the remoteness of practice location. 

Hence, GPs in newly and always eligible areas (regional and remote areas) practice in locations 

with lower median household income, a higher proportion of people above the age of 65 and 

lower socioeconomic status, as compared to GPs in the never eligible areas (which are major 

cities). Lower proportions of GPs are women and Australian medical graduates in always eligible 

and newly eligible areas compared to never eligible areas. A higher proportion of GPs in always 

eligible and newly eligible areas have postgraduate qualification/Fellowship and are principal or 

associate in their practice. These differences highlight the importance of controlling for observed 

characteristics.   

To see the changes in the mean outcomes before and after the policy change in 2010, Figure 4.2 

and Figure 4.3 present simple descriptive trends for the three waiting time measures and the 

labour supply variables. Figure 4.2 presents the trends in the three waiting time measures, 

comparing always eligible, newly eligible and never eligible areas. The vertical lines are drawn 

before the year GPRIP was introduced in 2010. In case of waiting time for ‘you’ and waiting time 

for a new patient, both always eligible and newly eligible groups have trends similar to the never 

eligible group before GPRIP. Waiting time for new patients has declined since GPRIP for practices 

in both always eligible and newly eligible areas relative to practices in never eligible areas. 

Waiting time for any GP seems to trend differently before GPRIP for practices in the always 

eligible and newly eligible areas when compared to never eligible areas.  

Figure 4.3 presents the trends in the labour supply measures (mechanisms) – total hours worked 

by GP and number of GPs in practice. The pre-GPRIP trends in the number of GPs in practice look 

similar between the two eligible groups and the never eligible group. Since 2010, the number of 

GPs in practice has gone up overall for practices in all areas. However, there is a notable increase 
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from 2013 to 2014 for practices in newly eligible areas. Total hours worked by GPs trend 

differently in the pre-GPRIP period for always eligible areas compared to never eligible areas. 

Therefore, except for waiting time for any GP and total hours worked, other outcomes exhibit 

similar pre-GPRIP trends across always eligible, newly eligible and never eligible areas. In section 

4.7, we empirically test the assumption of similar pre-policy trends.  

Table 4.5 presents the mean of outcome variables in always eligible, newly eligible and never 

eligible areas before (2008-2009) and after (2010-2014) introduction of GPRIP. Column 4 

calculates the raw difference-in-differences (DID) relative to never eligible areas. In newly eligible 

areas, the raw DID estimates suggest a negative effect of rural incentives on all three waiting time 

measures, however, only the effect on waiting time for a new patient in practice is statistically 

significant with the magnitude of more than half a day (-0.86) (Table 4.5 panel III). Looking at the 

labour supply variables, relative to the never eligible areas, the number of GPs in practice has 

gone up for practices in newly eligible areas post 2010 although the estimate is not statistically 

significant. For the always eligible group, none of the raw DID estimates is statistically significant. 

 

 

 

 

 

 

 

 

 

 

 



138 
 

Table 4. 4: Descriptive statistics for treatment and comparison groups (pooled data) 

 GPs in always GPRIP eligible 
locations 

GPs in newly GPRIP eligible 
locations 

GPs in never GPRIP eligible 
locations 

VARIABLES Mean SD Mean SD Mean SD 

Personal characteristics       

Female 0.33*** 0.47 0.41*** 0.49 0.52 0.50 

Age: Under 35 0.04** 0.18 0.04** 0.19 0.06 0.23 

Age: 35-39 0.07 0.26 0.08 0.27 0.09 0.29 

Age: 40-44 0.14 0.34 0.15** 0.36 0.11 0.31 

Age: 45-49 0.21*** 0.41 0.17 0.38 0.15 0.36 

Age: 50-54 0.21 0.41 0.21 0.41 0.20 0.40 

Age: 55-59 0.15 0.36 0.16 0.37 0.18 0.38 

Age: 60-64 0.11 0.31 0.12 0.32 0.11 0.32 

Age: 65 or over 0.07** 0.26 0.08 0.27 0.10 0.31 

Australian medical graduate 0.69*** 0.46 0.72*** 0.45 0.80 0.40 

Has post graduate degree/Fellowship 0.75*** 0.44 0.67** 0.47 0.60 0.49 

Average consultation length (mins) 15.18*** 3.60 15.36*** 3.55 15.89 4.03 

Practice characteristics       

No. of allied health professionals 0.82*** 1.35 1.02** 1.75 1.23 1.84 

No. of administrative staff 5.07 3.29 5.25 3.44 5.30 3.61 

Business relationship with practice:       

Principal/partner 0.48*** 0.50 0.35*** 0.48 0.27 0.44 

Associate 0.14** 0.35 0.15** 0.35 0.10 0.30 

Salaried/Contracted employee 0.35*** 0.48 0.47*** 0.50 0.59 0.49 

Locum/other 0.03** 0.17 0.04 0.19 0.04 0.20 

Characteristics of practice location 
(postcode) 

      

Population size of main town (in 10,000s) 1.01*** 0.86 2.76*** 2.27 2.28 1.39 

Median household income (weekly, in 
100s) 

10.37*** 3.73 10.85*** 2.56 14.81 3.92 

% aged above 65 17.06*** 6.65 16.13*** 5.47 13.52 4.40 

SEIFA (average SA1 percentile) 36.82*** 12.79 44.08*** 14.38 61.62 20.53 
       

No. of observations 1,228 1,414 6,545 

No. of GPs 299 345 1,542 

Notes: The asterisks denote significant difference in means for GPs in always eligible and newly eligible locations compared to 
GPs in never eligible locations based on t-test of equality of means. The standard errors adjusted to take into account the fact 
that the data is pooled and there are multiple observations for a GP which are correlated across time. ***, **, * indicate 
significance at 1%, 5% and 10% respectively. 
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Figure 4.2: Trends in waiting time measures before and after GPRIP 
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Figure 4.3: Trends in labour supply measures before and after GPRIP 
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Table 4. 5: Mean of labour supply and waiting time measures before and after GPRIP for treatment 
and control groups 

OUTCOME VARIABLES 
Pre-GPRIP 
2008-2009 

Post-GPRIP 
2010-2014 

Post-pre 
difference 

Difference in 
differences 
relative to 

‘never eligible’ 
group 

(I) Waiting time for 'you' (days)     

A: GPs in never GPRIP eligible areas 2.88 2.85 -0.03  

B: GPs in always GPRIP eligible areas 7.18 7.51 0.33 0.36 (0.423) 

C: GPs in newly GPRIP eligible areas 5.10 4.96 -0.14 -0.11 (0.288) 
     

(II) Waiting time for any GP (days)     

A: GPs in never GPRIP eligible areas 0.98 0.76 -0.22  

B: GPs in always GPRIP eligible areas 1.86 1.55 -0.31 -0.10 (0.146) 

C: GPs in newly GPRIP eligible areas 1.35 0.99 -0.36 -0.14 (0.107) 
     

(III) Waiting time for a new patient (days)     

A: GPs in never GPRIP eligible areas 2.50 2.17 -0.34  

B: GPs in always GPRIP eligible areas 4.83 4.27 -0.57 -0.23 (0.348) 

C: GPs in newly GPRIP eligible areas 4.93 3.74 -1.19 -0.86 (0.343)** 
     

(IV) Total hours worked (per week)     

A: GPs in never GPRIP eligible areas 36.74 35.18 -1.56  

B: GPs in always GPRIP eligible areas 44.90 44.28 -0.63 0.94 (0.697) 

C: GPs in newly GPRIP eligible areas 40.08 38.67 -1.41 0.15 (0.663) 
     

(V) No. of GPs in the practice     

A: GPs in never GPRIP eligible areas 7.98 8.62 0.64  

B: GPs in always GPRIP eligible areas 6.67 7.11 0.45 -0.2 (0.194) 

C: GPs in newly GPRIP eligible areas 7.13 8.03 0.91 0.27 (0.202) 
     

Notes: The table is for the estimation sample (N=9,187, n=2,186). Standard errors (in parenthesis) and statistical significance of 
raw DID estimates are estimated using a simple OLS regression. Standard errors are clustered at GP level. ***, **, * indicate 
significance at 1%, 5% and 10% respectively.  
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4.6 Regression results 

4.6.1 Waiting times 

Table 4.6 and Table 4.7 present the DID estimation results for the three waiting time measures. 

Table 4.6 presents the DID estimates from the simple OLS estimation with increasing controls. 

Panel A controls for year effects, and panel B additionally controls for the area (postcode) level 

characteristics of the practice location. Panel C controls for the full set of covariates including 

some potentially endogenous variables such as average consultation length (a measure of 

practice style) and auxiliary staff (allied health and administrative staff). Adding controls 

improves the precision of estimates, and the DID estimates remain qualitatively similar without 

changing much in magnitude. Estimates from the pooled OLS model with a full set of covariates 

(panel C) suggest that, relative to never eligible areas, practices in newly eligible areas 

experienced a statistically significant reduction in the average waiting time for a new patient by 

0.878 days (panel C, column 3) post-2010. For practices in always eligible areas, the estimates 

suggest no statistically significant effect of GPRIP on any of the three waiting time measures.  

The simple OLS regressions also show that area-level characteristics such as socioeconomic status 

(captured by median household income and SEIFA) and proportion of old people are associated 

with waiting times for GPs. GP characteristics such as gender, age, being Australian medical 

graduate and having post-graduate qualifications, and being a principal/partner in the practice 

are positively associated with waiting times. This suggests that patients associate these 

characteristics with higher quality.  

Table 4.7 presents the results from the preferred model in equation (3) that additionally controls 

for GP fixed effects. Compared to the simple OLS model (Table 4.6 panel C), controlling for GP 

fixed effects further improves the precision of DID estimates resulting in lower standard errors. 

The DID estimate for waiting time for a new patient in practice for the newly eligible group 

reduces slightly in magnitude to -0.805 days (column 3) but remains statistically significant at 1% 

(with P-value=0.007). This suggests a reduction of around 16% from the average waiting time for 

a new patient of 4.93 days in the pre-GPRIP period (Table 4.5 panel III). For practices in areas that 
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were always eligible, the effect on all three waiting time measures remains statistically 

insignificant.77   

Therefore, the results from the preferred DID with GP fixed effects model suggest that on 

average, relative to practices in never eligible areas, GPRIP was associated with a reduction in the 

mean waiting time for new patients for practices in areas that became newly eligible for rural 

incentives under the program. However, there was no statistically significant effect on waiting 

time for the (preferred) GP or any GP in the practice. Although, the results for ‘waiting time for 

any GP’ need to be interpreted with caution because of differential pre-policy trends between 

practices in always eligible, newly eligible and never eligible areas in the last two years (2008 and 

2009) before the policy change highlighted in the descriptive analyses.78  

4.6.2 Mechanism analysis 

To understand what may drive the response of waiting times to GPRIP, we examine two potential 

mechanisms through which rural incentives could affect waiting times – total hours worked by 

GP (per week) and number of GPs in practice. DID estimation results for the mechanism analysis 

are presented in Table 4.8. DID estimates from the preferred GP fixed effects model (column 2 in 

panel A and B) suggest that on average, relative to never eligible areas, that the number of GPs 

increased in practices in newly eligible areas by 0.27 (significant at 10% with P-value=0.06) post 

2010, which is an increase of about 4% from the pre-GPRIP average of around 7 GPs in practices 

in newly eligible areas (Table 4.5 panel V). We find no evidence of a decline in the number of GPs 

in practices in always eligible areas. It should be noted that a limitation of our data is that we only 

observe headcount of GPs in the practice and not the full-service equivalent (FSE) GPs which is 

likely to attenuate the estimated effect on the number of GPs in practice. Finally, we find no 

evidence of GPRIP affecting the hours worked by GPs in both always and newly eligible areas, 

which is consistent with not finding any effect on waiting time for the GP for both groups. 

                                                           
77 The area (postcode) level characteristics become insignificant when we control for GP fixed effects. This is because in our 

estimation sample there is very little within-GP variation in the postcode of their practice location and so controlling for GP fixed 
effects also absorbs to a large extent the time-invariant (observed and unobserved) postcode level characteristics.  
78 We empirically test differential pre-policy trends in section 4.7.   
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The finding that relative to practices in never eligible areas (i.e. metropolitan areas) the number 

of GPs in practices in newly eligible areas increased, and in always eligible areas it did not decline, 

suggests that the program helped to at least maintain the number of GPs in underserved areas. 

However, our data do not allow us to examine whether the existing GPs are staying longer in 

their practices or whether practices are hiring new GPs. Evidence from Yong et al. (Unpublished) 

suggests that GPRIP helped attract newly qualified GPs to work in newly eligible areas, and did 

not have the intended effect of reducing exits of GPs already in these areas. This finding provides 

a plausible explanation for the decline in waiting times for new patients. New patients to a 

practice are more likely to be allocated to GPs with lowest demand (i.e. lowest waiting time) as 

they are less likely to have well-informed preferences on their preferred GP. New GPs would 

usually have relatively lower waiting times as compared to existing GPs. On the other hand, 

existing patients in a practice are much more likely to have a preferred GP since patients generally 

prefer to see the same or familiar GP overtime (Guthrie and Wyke, 2006;  Nutting  et al., 2003; 

Rubin et al., 2006;  Schers et al., 2002). There is evidence that patients are willing to wait longer 

to see their preferred doctor  (Rubin et al., 2006;  Turner et al., 2007). Another explanation could 

be that for a practice the benefit of reducing waiting time for new patients is likely to be higher 

as compared to reducing waiting time for existing patients. Seeing new patients quicker is likely 

to generate an additional stream of income at arguably similar or perhaps lower costs, compared 

to seeing existing patients more quickly which would merely shift expected future income to the 

present. Therefore, if a practice increases its supply capacity by hiring new GPs, then it might 

prefer to see more new patients quickly than reducing waiting times for existing patients.  
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Table 4. 6: DID estimation results for waiting times 

 A: No covariates B: Controlling only for area characteristics C: Full set of covariates 

 
 
VARIABLES 

Waiting time 
for you 

Waiting time 
for any GP 

Waiting time 
for a new 

patient 

Waiting time 
for you 

Waiting time 
for any GP 

Waiting time 
for a new 

patient 

Waiting time 
for you 

Waiting time 
for any GP 

Waiting time 
for a new 

patient 

 (1) (2) (3) (1) (2) (3) (1) (2) (3) 

Eligibility of practice location (Ref: Never 
eligible) 

         

Always eligible 4.299*** 0.883*** 2.330*** 3.557*** 0.680*** 1.944*** 3.353*** 0.656*** 1.879*** 
 (0.463) (0.145) (0.385) (0.488) (0.158) (0.410) (0.454) (0.158) (0.408) 

Newly eligible 2.219*** 0.372*** 2.430*** 1.550*** 0.250** 1.935*** 1.498*** 0.212* 1.850*** 
 (0.369) (0.122) (0.402) (0.375) (0.121) (0.399) (0.353) (0.120) (0.390) 

Always eligible x post-2010 0.358 -0.104 -0.244 0.307 -0.110 -0.288 0.270 -0.106 -0.305 
 (0.423) (0.146) (0.348) (0.420) (0.146) (0.347) (0.400) (0.146) (0.346) 

Newly eligible x post-2010 -0.109 -0.138 -0.855** -0.116 -0.141 -0.862** -0.155 -0.134 -0.878*** 
 (0.287) (0.107) (0.343) (0.285) (0.107) (0.340) (0.277) (0.107) (0.335) 

Covariates          

Area(postcode) level characteristics          

Population size of main town (in 10,000)    0.001 -0.031* 0.081 0.008 -0.022 0.118** 
    (0.059) (0.017) (0.057) (0.055) (0.017) (0.055) 

Median household income (weekly, in 100s)    -0.142*** -0.024* -0.109** -0.114*** -0.029** -0.118*** 
    (0.044) (0.013) (0.044) (0.041) (0.013) (0.042) 

% aged above 65    0.059*** 0.003 0.043** 0.056*** 0.005 0.051*** 
    (0.021) (0.006) (0.019) (0.020) (0.006) (0.018) 

SEIFA (average SA1 percentile)    0.002 -0.002 0.005 -0.010 -0.002 0.001 
    (0.009) (0.003) (0.008) (0.009) (0.003) (0.008) 

GP characteristics          

Female       0.892*** -0.079 0.630*** 
       (0.207) (0.058) (0.170) 

Age: 35-39 [Excl. Under 35 years]       1.088*** 0.125 0.983*** 
       (0.303) (0.120) (0.329) 

Age: 40-44       1.401*** 0.124 0.530* 
       (0.322) (0.112) (0.311) 

Age: 45-49       1.305*** 0.022 0.709** 
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       (0.313) (0.110) (0.313) 

Age: 50-54       1.520*** 0.066 0.977*** 
       (0.302) (0.109) (0.316) 

Age: 55-59       1.185*** -0.010 0.794** 
       (0.312) (0.109) (0.325) 

Age: 60-64       1.109*** -0.020 0.806** 
       (0.342) (0.119) (0.365) 

Age: 65 or over       0.917** -0.130 0.263 
       (0.361) (0.128) (0.338) 

Australian medical graduate       0.849*** -0.080 0.171 
       (0.202) (0.069) (0.200) 

Has post-graduate degree/Fellowship       0.644*** -0.084 -0.072 
       (0.191) (0.054) (0.179) 

Average consultation length       0.200*** 0.042*** 0.199*** 
       (0.020) (0.007) (0.023) 

Practice-related characteristics          

No. of allied health professionals       -0.012 -0.032*** -0.145*** 
       (0.042) (0.011) (0.032) 

No. of administrative staff       0.223*** -0.009 -0.002 

Business relationship with practice:       (0.030) (0.007) (0.021) 

Associate [Excl: Principal/Partner]       -0.512 0.098 0.615** 
       (0.324) (0.082) (0.281) 

Salaried/Contracted employee       -1.466*** 0.003 -0.501*** 
       (0.221) (0.062) (0.183) 

Locum/other       -1.877*** -0.037 -1.057*** 
       (0.291) (0.100) (0.246) 
          

Year effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 
          

Observations 9,187 9,187 9,187 9,187 9,187 9,187 9,187 9,187 9,187 

R-squared 0.095 0.036 0.043 0.110 0.042 0.053 0.195 0.054 0.103 

Number of GPs 2,186 2,186 2,186 2,186 2,186 2,186 2,186 2,186 2,186 

 Notes: Robust and clustered (at GP level) standard errors in the parenthesis. Constant and coefficient for year dummies are omitted.  ***, **, * indicate significance at 1%, 5% 
and 10% respectively.
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Table 4. 7: DID with GP fixed effects results for waiting times 

 
VARIABLES 

Waiting time for you Waiting time for any GP 
Waiting time for a new 

patient 

 (1) (2) (3) 
    

Always eligible x post-2010 0.543 0.022 -0.118 
 (0.339) (0.136) (0.317) 

Newly eligible x post-2010 0.287 -0.103 -0.805*** 
 (0.229) (0.091) (0.300) 

Covariates    

Area(postcode) level characteristics    

Population size of main town (in 10,000) 0.027 0.010 0.052 
 (0.092) (0.048) (0.138) 

Median household income (weekly, in 100s) 0.001 -0.002 -0.022 
 (0.059) (0.037) (0.055) 

% aged above 65 0.029 0.003 0.019 
 (0.028) (0.016) (0.028) 

SEIFA (average SA1 percentile) -0.006 0.002 0.001 
 (0.010) (0.007) (0.011) 

GP characteristics    

Age: 35-39 [Excl. Under 35 years] 0.655* 0.066 0.385 
 (0.345) (0.132) (0.272) 

Age: 40-44 0.844** 0.092 0.054 
 (0.426) (0.187) (0.370) 

Age: 45-49 0.850* 0.174 -0.085 
 (0.499) (0.214) (0.460) 

Age: 50-54 0.820 0.212 -0.439 
 (0.551) (0.244) (0.538) 

Age: 55-59 0.527 0.161 -0.589 
 (0.609) (0.277) (0.610) 

Age: 60-64 0.512 0.142 -0.746 
 (0.675) (0.305) (0.691) 

Age: 65 or over 0.408 0.008 -1.267 
 (0.771) (0.358) (0.809) 

Has post graduate degree/Fellowship 0.470** -0.049 0.346* 
 (0.223) (0.127) (0.200) 

Average consultation length 0.050*** 0.024*** 0.096*** 
 (0.019) (0.008) (0.021) 

Practice-related characteristics    

No. of allied health professionals -0.016 0.002 -0.069** 
 (0.034) (0.014) (0.031) 

No. of administrative staff 0.006 -0.011 -0.013 

Business relationship with practice: (0.017) (0.008) (0.021) 

Associate [Excl: Principal/Partner] -0.153 -0.009 0.097 
 (0.242) (0.095) (0.279) 

Salaried/Contracted employee -0.171 0.066 -0.390 
 (0.249) (0.113) (0.259) 

Locum/other -0.419 0.024 -0.667** 
 (0.310) (0.141) (0.318) 
    

Year fixed effects Yes Yes Yes 

GP fixed effects Yes Yes Yes 
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Observations 9,187 9,187 9,187 

R-squared 0.007 0.019 0.026 

Number of GPs 2,186 2,186 2,186 

Notes: Robust and clustered (at GP level) standard errors in the parenthesis. Constant and coefficient for year dummies are 
omitted. ***, **, * indicate significance at 1%, 5% and 10% respectively. 

 
 

 

 

Table 4. 8: DID results for Mechanism analysis 

 
 
VARIABLES 

A: Total hours worked (per week) B: No. of GPs in practice 

DID with Pooled 
OLS model 

DID with GP fixed 
effects model 

DID with Pooled 
OLS model 

DID with GP fixed 
effects model 

 (1) (2) (1) (2) 
     

Always eligible x post-2010 -0.025 -0.250 -0.111 0.082 
 (0.648) (0.548) (0.163) (0.123) 

Newly eligible x post-2010 0.186 0.498 0.226 0.266* 
 (0.563) (0.456) (0.166) (0.142) 
     

Observations 9,187 9,187 9,187 9,187 

Number of GPs 2,186 2,186 2,186 2,186 

Notes: For brevity only DID coefficients are presented. Robust and clustered (at GP level) standard errors in the parenthesis. ***, 
**, * indicate significance at 1%, 5% and 10% respectively. 
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4.7 Robustness analysis  

4.7.1 Testing pre-policy trends 

To investigate the possible differential pre-existing time trends between the always eligible, 

newly eligible and never eligible groups, we estimate a fully flexible specification that allows for 

flexible pre-and-post treatment trends (Angrist & Pischke, 2008; Mora & Reggio, 2013), while 

controlling for time and GP fixed effects:  

 𝑌𝑖𝑗𝑡 = 𝛼 + 𝛽𝑋𝑖𝑡 + 𝛾𝑍𝑗𝑡 + 𝑇𝑡 + 𝜙𝑖 + ∑ 𝛿𝜏
2014
𝜏=2008 (𝐴𝑖 ∗ 𝑑𝜏) + ∑ 𝜆𝜏(𝑁𝑖 ∗ 𝑑𝜏)

2014
𝜏=2008 + 𝜖𝑖𝑗𝑡               (4) 

where 𝑑𝜏 is an indicator variable for year 𝜏 and 2009 is the omitted reference year. The yearly 

treatment effect estimates are relative to the estimated effect in the year 2009, which is set to 

zero.  Estimates of 𝛿𝜏 and 𝜆𝜏 for periods prior to policy change provide a sense for the importance 

of differential pre-policy trends in the outcome. In our context, the pre-policy trend consists of 

only two years, 2008 and 2009.79 Specifically, the test of the null of no differential trends is 𝛿𝜏 =

 0, 𝜆𝑡 = 0  for 𝑡 = 2008, 2009 (note 2009 is the omitted reference year). Another advantage of 

specification (4) is that the estimates of 𝛿𝜏 and 𝜆𝜏 for years following 2009 allows us to capture 

the dynamics of the treatment effect. 

Figure 4.4 and Figure 4.5 report the 𝛿𝜏 and 𝜆𝜏 coefficients from estimating equation (4). Each 

graph includes 95% confidence intervals (represented by bars) calculated using GP-clustered and 

heteroscedasticity robust standard errors. These results are also presented in Appendix Tables 

4.A5 and 4.A6. The test results are presented at the bottom of the tables, and the p-values shaded 

in bold are those where the null hypothesis of no differential pre-policy trends could not be 

rejected at 5% level of significance. 

We find that pre-GPRIP trends for all three waiting time measures were similar between always 

eligible and never eligible areas (Sub-figure 4.4a). Between newly eligible and never eligible 

areas, pre-GPRIP trends were similar for waiting time for you and waiting time for a new patient 

                                                           
79 In this study, since we only have two years of data before the start of the GPRIP in 2010, and so as discussed in Angrist and 
Pischke (2008) and showed by Wolfers (2006), including a parametric trend (such as linear trend) in the model would mean that 
the estimate of the trend would rely almost completely on the trend between two years (2008 and 2009 in our case) and this 
would introduce further bias. Therefore, in this study we prefer to test for differential trend using the more robust fully flexible 
non-parametric model (Mora & Reggio, 2013).  
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but not in case of waiting time for any GP (Sub-figure 4.5a). The estimates for the labour supply 

variables show that between practices in always eligible and never eligible areas, pre-GPRIP 

trends were similar for the number of GPs in practice, but not total hours worked by GPs (Sub-

figure 4.4b). So, results for total hours worked by GPs for always eligible areas should be 

interpreted with caution. In case of newly eligible areas, pre-GPRIP trends in both labour supply 

measures were similar to that of never eligible areas (Sub-figure 4.5b). 

The fully flexible model also helps to understand the dynamics of the policy effect instead of 

estimating an average effect. For practices in newly eligible areas (Sub-figure 4.5a), waiting time 

for new patients started falling relative to the never eligible areas since the start of GPRIP and in 

2014 it declined significantly in magnitude by about 1.4 days. Given that the average waiting time 

for a new patient in the pre-GPRIP period for the newly eligible group is 4.93 days (Table 4.5 panel 

III), this means a reduction of about 28%. Sub-figure 4.5b shows that there was a corresponding 

increase in the number of GPs since the start of GPRIP for practices in newly eligible areas relative 

to never eligible areas. However, the confidence intervals are large and only the estimate for 

2014, which suggest an increase of 0.82 GPs, is statistically significant (at 1%). This suggests an 

increase of 11.5% relative to the pre-GPRIP average of about 7 GPs (Table 4.5 panel V). 

Overall, using DID with GP fixed effects model, we find that, except waiting time for any GP and 

total hours worked, for all other outcome variables the trends in the two years before the start 

of GPRIP were similar across the always eligible, newly eligible and never eligible areas. This gives 

us confidence in our methods of controlling for relevant (observed and unobserved) GP, practice 

and area characteristics.  

4.7.2 Alternative specifications  

Table 4.9 presents the results from alternative specifications which control for the area 

(postcode) fixed effects and/or allow for clustering of standard errors at the area level. The 

results are qualitatively unchanged in all three alternative specifications. The magnitude of the 

effects for the specification that controls for GP fixed effects with standard errors clustered at 

area (postcode) level (Table 4.9, panel A) is identical to the baseline estimates. However, in other 

two specifications (Table 4.9, panel B and C) that control for area fixed effects (instead of GP fixed 
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effects) the magnitude of the effects is slightly higher. Additionally, we find stronger evidence of 

an increase in the number of GPs in practices in newly eligible areas relative to never eligible 

areas. 

4.7.3 Matching treatment and comparison groups 

One way to alleviate the concern of differential trends between the eligible and the never eligible 

groups is to match them (Ryan et al., 2015). Though we include controls for important observable 

GP, practice and area characteristics and unobservable time-invariant GP characteristics that 

might cause differential trends, concerns might be that there could be other time-varying 

unobserved differences which may be correlated with the labour supply decisions or the demand 

and hence waiting times. Matching would ensure that GPs in our treatment groups (those in 

always eligible and newly eligible areas) and the comparison group (those in never eligible areas) 

are similar in terms of observed characteristics and so, could be expected to be similar in terms 

of unobserved characteristics. Hence, we also estimate specifications (2) and (3) using coarsened 

exact matching (CEM) which is a member of the Monotonic Imbalance Bounding (MIB) class of 

matching methods (Iacus, King, Porro, & Katz, 2012). We use CEM to match GPs in our two 

treatment groups (in always and newly eligible locations) and GPs in the comparison group (in 

the never eligible). We match GPs on (i) GP characteristics, (ii) GP and practice characteristics, 

and (iii) area-level characteristics.80 Appendix Table 4.A7 lists the matching variables (𝑋) and the 

coarsened categories we used.81 The results are presented in Appendix Table 4.A8 and Appendix 

Table 4.A9.  

Compared to the baseline results, matching results are weaker in statistical significance, 

however, the coefficients are qualitatively similar. The estimated effect of GPRIP on waiting time 

for new patients for the newly eligible group declines slightly in magnitude and remains 

statistically significant for samples matched on only GP characteristics, and GP and practice 

characteristics (Table 4.A8, panel C). The estimated effect on the number of GPs in practice for 

the newly eligible group weakens in magnitude and statistical significance for samples matched 

                                                           
80 We do not match on GP, practice and area-level characteristics as that leads to removal of almost 75% of the analysis sample. 
81 Details on the CEM matching procedure and match results are provided in the Appendix Note 4.A1. 
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on only GP characteristics, and GP and practice characteristics (Table 4.A9, panel B). However, 

for the sample matched on area-level characteristics, the estimated effect of GPRIP on the 

number of GP in practice for the newly eligible group becomes larger in magnitude with stronger 

statistical significance (at 5%). The estimates for the always eligible group remain statistically 

insignificant. So, matching does not change conclusions from the analysis. 
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Figure 4.4: Pre-treatment and post-treatment trend coefficients (relative to the year before GPRIP) for ‘always eligible’ treatment group 

4.4a: Waiting time measures 

 
 
Notes: Estimates come from equation (4). Estimates are relative to the year before GPRIP was introduced in 2010, i.e. 2009, which is set equal to zero. The red bars represent 95% 
confidence interval based on GP-clustered and heteroscedasticity robust standard errors. 
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4.4b: Labour supply measures (mechanisms) 

 

Notes: Estimates come from equation (4). Estimates are relative to the year before GPRIP was introduced in 2010, i.e. 2009, which is set equal to zero. The red bars represent 95% 
confidence interval based on GP-clustered and heteroscedasticity robust standard errors. 
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Figure 4.5: Pre-treatment and post-treatment trend coefficients (relative to the year before GPRIP) for ‘newly eligible’ treatment group 

4.5a: Waiting time measures 

 

Notes: Estimates come from equation (4). Estimates are relative to the year before GPRIP was introduced in 2010, i.e. 2009, which is set equal to zero. The red bars represent 95% 
confidence interval based on GP-clustered and heteroscedasticity robust standard errors. 
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4.5b: Labour supply variables (mechanisms) 

 

Notes: Estimates come from equation (4). Estimates are relative to the year before GPRIP was introduced in 2010, i.e. 2009, which is set equal to zero. The blue bars represent 
95% confidence interval based on GP-clustered and heteroscedasticity robust standard errors.
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Table 4. 9: Results from alternative specifications controlling for area fixed effects and/or allowing 
clustering of standard errors at the area level 

 
 
 
VARIABLES 

Waiting time measures Mechanisms 

Waiting 
time for 

you 

Waiting time 
for any GP 

Waiting 
time for a 

new 
patient 

Total hours 
worked (per 

week) 

No. of GPs 
in practice 

 (1) (2) (3) (4) (5) 
      

A: GP fixed effects, SE clustered at postcode level      

Always eligible x post-2010 0.543 0.022 -0.118 -0.250 0.082 
 (0.407) (0.155) (0.369) (0.567) (0.151) 

Newly eligible x post-2010 0.287 -0.103 -0.805** 0.498 0.266 
 (0.284) (0.106) (0.331) (0.490) (0.163) 
      

B: Postcode fixed effects, SE clustered at GP level      

Always eligible x post-2010 0.422 -0.049 -0.221 -0.293 0.018 
 (0.372) (0.146) (0.345) (0.645) (0.142) 

Newly eligible x post-2010 -0.056 -0.181* -0.934*** 0.133 0.352** 
 (0.264) (0.108) (0.311) (0.547) (0.163) 
      

C: Postcode fixed effects, SE clustered at postcode level      

Always eligible x post-2010 0.422 -0.049 -0.221 -0.293 0.018 
 (0.367) (0.152) (0.332) (0.626) (0.159) 

Newly eligible x post-2010 -0.056 -0.181 -0.934*** 0.133 0.352** 
 (0.291) (0.114) (0.301) (0.550) (0.171) 
      

D: Baseline estimates      
Always eligible x post-2010 0.543 0.022 -0.118 -0.250 0.082 

 (0.339) (0.136) (0.317) (0.548) (0.123) 

Newly eligible x post-2010 0.287 -0.103 -0.805*** 0.498 0.266* 

 (0.229) (0.091) (0.300) (0.456) (0.142) 

      
Observations 9,187 9,187 9,187 9,187 9,187 

Number of GPs 2,186 2,186 2,186 2,186 2,186 

Notes: All models include baseline covariates and year fixed effects. For brevity, only DID coefficients are presented. ***, **, * 
indicate significance at 1%, 5% and 10% respectively. 
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4.8 Analysis of shift to Modified Monash Model (MMM) 

GPRIP moved to the Modified Monash Model (MMM) in July 2015 to determine eligible 

locations. The MMM classifications system uses seven categories, rather than the previous five, 

MM1 to MM7 (presented in Appendix Table 4.A1) and MM3-7 are eligible for rural incentive 

payments from the GPRIP. The key change with the introduction of MMM classification was that 

areas in ASGC-RA2 and RA3 are further divided into four categories MM2-5 based on population 

size. As a result, some of the areas in RA2 and RA3 that became newly eligible in 2010 again 

become ineligible since 2015 (those that are classified as MM2 under MMM classification). We 

examine MABEL data from 2015 and 2016 (waves 8 and 9) to see how the eligibility of GPs in 

newly eligible areas in our baseline sample changed under MMM.  The sample in newly eligible 

areas consists of 298 GPs with 1,314 observations – out of which 164 GPs with 704 observations 

became ineligible under MMM while 134 GPs with 610 observations remained eligible under 

MMM.82  

Therefore, using data from 2010 to 2016 and exploiting this exogenous change in eligibility due 

to MMM, we apply difference-in-difference (DID) methodology to analyse the effect of removal 

rural incentives on access to GP services. However, the exercise’s limited statistical precision due 

to small sample size and the fact that it only covers two years since the adoption of MMM should 

be kept in mind. 

We compare the changes in waiting times before and after MMM adoption (in 2015) between 

the GPs in the newly eligible group who became ineligible under MMM, the treatment group 

(164 GPs with 704 observations) to two comparison groups: 1) GPs in newly eligible areas who 

remained eligible (134 GPs with 610 observations), and 2) GPs in all eligible areas (i.e. GPs in 

group in (1) plus GPs in always eligible areas; total 360 GPs with 1,673 observations).  

 

 

                                                           
82 Our baseline sample of GPs in newly eligible areas is 345 GPs, and out which 5% of GPs (17 GPs) have no observation in 2015-
16 and we had to drop 18 GPs who moved to different location type (MMM category) in 2015/16. The remaining sample (12 GPs) 
was lost due to missing information on MMM classification and/or variables used in the regression analysis. 



159 
 

We estimate the following DID model: 

                         𝑌𝑖𝑗𝑡 = 𝛼 + 𝛽𝑋𝑖𝑡 + 𝛾𝑍𝑗𝑡 + 𝑇𝑡 + 𝜙𝑖 + 𝛿(𝑃𝑜𝑠𝑡15 ∗ 𝑀𝑖) + 𝜖𝑖𝑗𝑡                                               (5)                      

where 𝑃𝑜𝑠𝑡15 is an indicator variable which equals one in the years since MMM was adopted 

(2015 and 2016) and zero in the previous years (2010 to 2014). 𝑀𝑖  is an indicator variable which 

takes value one for GPs in newly eligible areas (in 2010) that became ineligible for rural incentives 

under MMM since 2015 and zero for GPs in the comparison group. Therefore, 𝛿 captures the 

change in outcomes since the adoption of MMM for GPs that became ineligible under MMM 

relative to those that are eligible under MMM.  

We focus on two outcome variables – waiting time for new patient and number of GPs in practice, 

given that our primary interest is to examine whether we find any evidence of removal rural 

incentives affecting waiting time for new patients and number of GPs in the practice.83 Table 4.10 

presents the results. The estimates suggest that waiting time for new patients went up for 

practices that became ineligible for rural incentives under MMM relative to the comparison 

groups. The magnitude and significance of the DID coefficient for waiting time for a new patient 

differs depending on the comparison group used, but results are qualitatively similar.  We find 

no evidence of any effect on the number of GPs in the two years since the MMM policy change.  

 

 

 

 

 

 

 

 
                                                           
83 This also preserves the sample size. Basing estimation sample on all five outcomes (i.e. three waiting time measures and two 

labour supply measures) would result in further loss of observations from the current estimation samples.  
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Table 4. 10:  Results from DID analysis exploiting shift to MMM classification system 
  
VARIABLES 

Waiting time for 
a new patient 

No. of GPs in 
practice 

  (1) (2) 

      
Using comparison group 1     

MMM ineligible x post-2015 1.009* 0.227 
  (0.552) (0.254) 
Observations 1,314 1,314 
No. of GPs 298 298 

      
Using comparison group 2     

MMM ineligible x post-2015 0.869** 0.203 

  (0.435) (0.216) 

      

Observations 2,377 2,377 

No. of GPs 524 524 

      
Notes: All models include baseline covariates, year fixed effects and GP fixed effects. For brevity only DID coefficients are 
presented. ***, **, * indicate significance at 1%, 5% and 10% respectively. 

 

4.9 Discussion 

A key policy issue in many countries is the inequitable distribution of primary care physicians in 

rural and remote areas which has significant implications for access to health services in these 

underserved areas. Governments, including in Australia, have been implementing a range of 

policies and incentive schemes to attract and retain physicians in rural areas despite limited 

robust evidence on their effectiveness (Buykx et al., 2010; Grobler et al., 2015). Specifically, there 

is very little evidence on the impact of incentive schemes on access to primary care services, 

which is one of the critical areas that rural incentive schemes aim to improve.  

This study provides first empirical evidence on the impact of rural financial incentives on access 

to primary care services, as measured by waiting times. We use the difference-in-difference 

methodology exploiting an exogenous policy change in Australia, the introduction of General 

Practice Rural Incentive Program (GPRIP) in 2010, that resulted in a change in eligibility criteria 

for rural incentives. We take the analysis further by exploring the mechanisms through which 

rural incentives could affect access.    

Our results indicate that, relative to never eligible areas (i.e. metropolitan areas), the provision 

of rural incentives led to a reduction in the mean waiting time for new patients by 16% on average 
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(0.805 days relative to pre-GPRIP mean of 4.93 days) for GP practices in areas that became newly 

eligible for rural incentives under GPRIP. Our mechanism analysis revealed that the reduction in 

new patient waiting times is potentially driven by an increase in the number of GPs in practices 

in newly eligible areas relative to never eligible areas since GPRIP. We find no evidence of a 

decline in the number of GPs in always eligible areas relative to never eligible areas, which 

indicates that rural incentives are useful in at least maintaining the GP workforce in practices in 

always eligible areas. Corroborating evidence comes from Yong et al. (Unpublished) that 

examines the impact of rural incentives on GP mobility at area level. The study finds that rural 

incentives significantly attract newly qualified GPs to locate in newly eligible areas. In always 

eligible areas, the study finds that rural incentives appear to increase the number of GPs 

relocating to these areas but were not effective in preventing the existing GPs from exiting these 

areas resulting in no significant effect on the overall stock of GPs. 

We find no effect of GPRIP on hours worked by GPs, so, there is no evidence of any perverse 

effects of rural financial incentives on labour supply at the intensive margin.  

The findings from this study suggest that providing financial incentives to GPs to work in rural 

and remote areas helps maintain GP numbers in these underserved areas. Therefore, providing 

rural incentives are associated with no decline in access to GP services. Also, the results from our 

additional analysis of the shift to Monash Modified Model (MMM) suggest caution with policies 

to reduce or remove rural incentives as that may adversely affect access.   

This study makes an important contribution to the literature on the usefulness of financial 

incentives in influencing the delivery of health care. Our results highlight that providing financial 

incentives plays a crucial role in maintaining access to GP services in rural and remote areas, 

however, alone they might not be enough to improve access to primary care services for all 

patients significantly. Other studies have highlighted that non-monetary incentives seem to be 

more effective than monetary incentives in influencing the decisions of physicians to work and 

stay in rural areas (Holte, Kjaer, Abelsen, & Olsen, 2015; Li, Scott, McGrail, Humphreys, & Witt, 

2014; Scott et al., 2013). These studies found that existing GPs have strong preferences to stay in 

their current practice and hence their location which is possibly due to high transaction costs of 
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moving jobs. This suggests that policies that are targeted at new GPs who are more likely to be 

mobile could be more effective. However, our results indicate that attracting new GPs is likely to 

improve access to GP services for new patients in practices but not necessarily for existing 

patients. Existing patients in practices are likely to have strong preferences for existing GPs due 

to the continuity of care (Guthrie and Wyke, 2006;  Nutting  et al., 2003; Rubin et al., 2006;  Schers 

et al., 2002) and therefore, retaining them is equally important.  

It is important to recognise that the issue of inequitable distribution of doctors in rural areas is 

complex. Several studies have highlighted the importance of multifaceted strategies that target 

not only financial but also professional, educational and personal factors important for improving 

retention of GPs in underserved areas (Buykx et al., 2010; McPake et al., 2014; Russell, McGrail, 

& Humphreys, 2017). Further, more comprehensive rural workforce policies that focus not just 

on GPs but also on other important elements of the medical workforce, such as nurses, could be 

useful. Our preliminary analysis found some evidence that the number of nurses in practices 

increased in newly eligible areas post 2010. This suggests that GPs in practices might be using 

resources from incentive schemes to employ nurses rather than altering their own labour supply 

(hours worked) to manage workload and influence waiting times. There is some external 

evidence of the high use of nurses in regional and remote areas (ABS 2013) and particularly 

agency-nurses on a short-term basis (Russell et. al. 2017). However, there is little evidence on 

how such nurses are financed by the practices. Therefore, further research is needed.   

The study is not without its limitations. First, for our primary analysis, we could only investigate 

pre-existing differential trends over two years of available data before GPRIP. Moreover, we 

cover a relatively short period after the policy change, and so long-term effects of rural incentives 

may be larger than what we find in this study. Second, as with any policy change, the impact of 

rural incentives is also likely to be influenced by the institutional context. Despite these 

limitations, this study is the first to provide empirical evidence on the impact rural financial 

incentives on access to primary health care in underserved areas. It shows that rural incentive 

schemes do play a crucial role in ensuring there is no decline in access to GP services in rural and 

remote areas. However, there is a need for future research to examine the long-term impact of 

providing rural incentives on access to physician services and other important health outcomes.   
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APPENDIX TO CHAPTER 4 
 

Table 4.A 1: Modified Monash classification system 
Modified Monash 

Category 
Description 

MM1 All areas categorized ASGC-RA 1 

MM2 Areas categorized ASGC-RA 2 and ASGC-RA 3 that are in, or within 20km road distance, 
of a town with a population greater than 50,000. 

MM3 Areas categorized ASGC-RA 2 and ASGC-RA 3 that are not in MM2 and are in, or within 
15km road distance, of a town with a population between 15,000 and 50,000. 

MM4 Areas categorized ASGC-RA 2 and ASGC-RA 3 that are not in MM2 or MM3, and are in, or 
within 10km road distance, of a town with a population between 5,000 and 15,000. 

MM5 All other areas in ASGC-RA 2 and ASGC-RA 3. 

MM6 All areas categorized ASGC-RA4 that are not on a populated island that is separated from 
the mainland in the Australian Bureau of Statistics (ABS) geography and is more than 5km 
offshore. 

MM7 All other areas – that is being ASGC-RA 5 and areas on a populated island that is separated 
from the mainland in the ABS geography and is more than 5km offshore. 

 

Table 4.A 2: Maximum incentive payments amounts under MM classification system 
Location (MM) Year 1 Year 2 Year 3 Year 4 Year 5 + 

MM1 $0 $4,500 $7,500 $7,500 $12,000 

MM2 $0 $8,000 $13,000 $13,000 $18,000 

MM3 $0 $12,000 $17,000 $17,000 $23,000 

MM4 $16,000 $16,000 $25,000 $25,000 $35,000 

MM5 $25,000 $25,000 $35,000 $35,000 $60,000 

 

Table 4.A 3: Sample selection 

Total GP-year observations available for analysis  20,521 

Dropped 11,334 

Final sample 9,187 

Reasons for dropping:  

No observations before or after 2010 4,432 

Inconsistency in response to 'total hours worked' between survey questions 1,058 

Outliers in terms of hours worked 1,011 

Outliers in terms of waiting times 484 

Missing information on relevant variables 4,349 

TOTAL 11,334 
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Table 4.A 4: Overall summary statistics of the estimation sample (pooled data) 
VARIABLES Mean Std. Dev. Min Max 

  
   

  

Waiting time for 'you' (days) 3.80 5.23 0 30 

Waiting time for any GP (days) 0.98 1.69 0 15 

Waiting time for new patient (days) 2.85 4.68 0 30 

Total hours worked  37.38 13.82 4 75 

Practice size (no. of GPs) 8.12 4.14 1 25 

  
   

  

Personal characteristics 
   

  

Female  0.48 0.50 0 1 

Age: Under 35 0.05 0.22 0 1 

Age: 35-39 0.09 0.28 0 1 

Age: 40-44 0.12 0.33 0 1 

Age: 45-49 0.16 0.37 0 1 

Age: 50-54 0.20 0.40 0 1 

Age: 55-59 0.17 0.38 0 1 

Age: 60-64 0.11 0.32 0 1 

Age: 65 or over 0.10 0.29 0 1 

Australian medical graduate 0.77 0.42 0 1 

Has post graduate degree/Fellowship 0.63 0.48 0 1 

Average consultation length (mins) 15.71 3.92 5 30 

Practice characteristics 
   

  

No. of allied health professionals 1.14 1.77 0 10 

No. of administrative staff 5.26 3.54 0 20 

Business relationship with practice: 
   

  

Principal/partner 0.31 0.46 0 1 

Associate 0.11 0.32 0 1 

Salaried/Contracted employee 0.54 0.50 0 1 

Locum/other 0.04 0.20 0 1 

Characteristics of practice location (postcode) 
   

  

Population size of main town (in 10,000s) 2.18 1.59 0.037 10.22 

Median household income (weekly, in 100s) 13.61 4.17 5.66 28.6 

% aged above 65 14.40 5.13 0.48 35.88 

SEIFA (average SA1 percentile) 55.61 21.15 2.6 96.75 

  
   

  

No. of observations 9,187 

No. of GPs 2,186 
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Table 4.A 5: DID results for waiting time measures from the fully flexible model with GP fixed effects 

DEPENDENT VARIABLES 
Waiting 

time for you 
Waiting time 

for any GP 

Waiting 
time for a 

new patient 
 (1) (2) (3) 
    

Treatment*year dummy    

Always eligible x 2008 [Ref: Always eligible x 
2009] 

-0.567 -0.315* -0.454 

 (0.380) (0.177) (0.454) 

Always eligible x 2010 -0.198 0.020 -0.224 
 (0.403) (0.192) (0.424) 

Always eligible x 2011 0.559 -0.035 0.200 
 (0.423) (0.213) (0.495) 

Always eligible x 2012 0.700 -0.066 -0.095 
 (0.505) (0.222) (0.413) 

Always eligible x 2013 0.097 -0.457** -1.170** 
 (0.534) (0.193) (0.571) 

Always eligible x 2014 0.371 -0.409* -1.038** 
 (0.591) (0.232) (0.518) 
    

Newly eligible x 2008 [Ref: Newly eligible x 2009] -0.510 -0.353** -0.012 
 (0.327) (0.151) (0.389) 

Newly eligible x 2010 0.310 -0.067 -0.312 
 (0.311) (0.162) (0.415) 

Newly eligible x 2011 0.162 -0.351** -0.595 
 (0.331) (0.148) (0.413) 

Newly eligible x 2012 -0.138 -0.330** -1.079*** 
 (0.377) (0.155) (0.417) 

Newly eligible x 2013 0.056 -0.325** -1.093** 
 (0.385) (0.155) (0.452) 

Newly eligible x 2014 -0.372 -0.379*** -1.374*** 
 (0.422) (0.147) (0.468) 
    

Covariates Yes Yes Yes 

Year fixed effects Yes Yes Yes 

GP fixed effects Yes Yes Yes 
    

F-test P-value    

Always eligible group 0.1361 0.0758 0.3179 

Newly eligible group 0.1195 0.0190 0.9760 
    

Observations 9,187 9,187 9,187 

Number of GPs 2,186 2,186 2,186 

 Notes: For brevity coefficients for covariates, constant and coefficient for year dummies are omitted. Robust and clustered (at 
GP level) standard errors in the parenthesis. ***, **, * indicate significance at 1%, 5% and 10% respectively. 
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Table 4.A 6: DID results for mechanism analysis from the fully flexible model with GP fixed effects 

DEPENDENT VARIABLES 

Total hours 
worked (per 

week) 

No. of GPs in 
practice 

(1) (2) 
   

Treatment*year dummy   

Always eligible x 2008 [Ref: Always eligible x 2009] 2.118*** -0.161 
 (0.795) (0.161) 

Always eligible x 2010 1.128* -0.048 
 (0.655) (0.151) 

Always eligible x 2011 0.489 -0.132 
 (0.791) (0.181) 

Always eligible x 2012 1.601* -0.140 
 (0.876) (0.188) 

Always eligible x 2013 0.595 0.349* 
 (1.009) (0.207) 

Always eligible x 2014 -0.581 0.229 
 (1.030) (0.223) 
   

Newly eligible x 2008 [Ref: Newly eligible x 2009] 0.672 0.054 
 (0.629) (0.188) 

Newly eligible x 2010 0.670 0.159 
 (0.532) (0.160) 

Newly eligible x 2011 0.416 0.081 
 (0.570) (0.179) 

Newly eligible x 2012 0.608 0.233 
 (0.659) (0.202) 

Newly eligible x 2013 1.518** 0.357 
 (0.773) (0.231) 

Newly eligible x 2014 1.294* 0.829*** 
 (0.764) (0.254) 
   

Covariates Yes Yes 

Year fixed effects Yes Yes 

GP fixed effects Yes Yes 
   

F-test P-value   

Always eligible group 0.0078 0.3170 

Newly eligible group 0.2856 0.7736 
   

Observations 9,187 9,187 

Number of GPs 2,186 2,186 

 Notes: For brevity coefficients for covariates, constant and coefficient for year dummies are omitted. Robust and clustered (at 
GP level) standard errors in the parenthesis. ***, **, * indicate significance at 1%, 5% and 10% respectively. 
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Table 4.A 7: Matching variables and coarsened categories for CEM 
Variable Coarsened categories 

Age less than 35 years / 35-44 / 45-54 / 55-64 / over 65 

Average consultation length less than 15 mins / 15 mins / more than 15 mins 

Post-graduate qualification 0 / 1 

Australian medical graduate 0 / 1 

Number of allied health professionals 0-1 / more than 1 

Number of administrative staff 0-5 / more than 5 

Population size 0-4,999 / 5,000-9,999 / 10,000-19,999 / 20,000-39,999 / 40,000 or above 

Median household income per week ($) 0-999 / 1,000-1,499 / 1,500-1,999 / 2,000-2,499 / 2,500 or more 

Proportion above 65 years of age 0-4.99 / 5.00-9.99 / 10.00-19.99 /20.00 or more 

SEIFA (%) 0-19.99 / 20.00-39.99 / 40.00-59.99/ 60.00-79.99 / 80.00 or more 

 

Table 4.A 8: Results for waiting time measures using matching 

 
 
VARIABLES 

A: Waiting time for you B: Waiting time for any GP 
C: Waiting time for a new 

patient 

DID with 
Pooled OLS 

model 

DID with GP 
fixed effects 

model 

DID with 
Pooled OLS 

model 

DID with GP 
fixed effects 

model 

DID with 
Pooled OLS 

model 

DID with GP 
fixed effects 

model 
       

Matched on GP characteristics       

Always eligible x post-2010 0.360 0.578 -0.085 0.078 -0.234 -0.036 
 (0.411) (0.393) (0.151) (0.159) (0.354) (0.370) 

Newly eligible x post-2010 -0.131 0.353 -0.111 -0.032 -0.811** -0.704** 
 (0.288) (0.267) (0.111) (0.109) (0.341) (0.354) 
       

Observations 9,035 9,035 9,035 9,035 9,035 9,035 

Number of GPs 2,185 2,185 2,185 2,185 2,185 2,185 
       

Matched on GP and practice characteristics       

Always eligible x post-2010 0.378 0.443 -0.130 -0.013 -0.191 -0.052 
 (0.427) (0.405) (0.156) (0.164) (0.380) (0.399) 

Newly eligible x post-2010 -0.163 0.345 -0.140 -0.048 -0.723** -0.691* 
 (0.309) (0.279) (0.117) (0.115) (0.363) (0.384) 
       

Observations 8,080 8,080 8,080 8,080 8,080 8,080 

Number of GPs 2,143 2,143 2,143 2,143 2,143 2,143 
       

Matched on area characteristics       

Always eligible x post-2010 -0.180 0.655 0.216 0.359 -0.026 0.272 
 (0.735) (0.617) (0.252) (0.334) (0.577) (0.659) 

Newly eligible x post-2010 -0.472 0.047 0.178 0.125 -0.493 -0.536 
 (0.531) (0.502) (0.214) (0.292) (0.530) (0.540) 
       

Observations 5,669 5,669 5,669 5,669 5,669 5,669 

Number of GPs 1,562 1,562 1,562 1,562 1,562 1,562 

Notes: All models include covariates and year fixed effects. For brevity, only DID coefficients are presented. ***, **, * indicate 
significance at 1%, 5% and 10% respectively. 
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Table 4.A 9: Results for labour supply variables (mechanisms) using matching 

 
 
 
VARIABLES 

A: Total hours worked (per week) B: No. of GPs in practice 

DID with Pooled 
OLS model 

DID with GP 
fixed effects 

model 

DID with Pooled 
OLS model 

DID with GP fixed 
effects model 

     

Matched on GP characteristics     

Always eligible x post-2010 0.173 -0.397 -0.201 0.054 
 (0.690) (0.658) (0.175) (0.149) 

Newly eligible x post-2010 0.413 0.410 0.091 0.239 
 (0.609) (0.543) (0.177) (0.170) 
     

Observations 9,035 9,035 9,035 9,035 

Number of GPs 2,185 2,185 2,185 2,185 
     

Matched on GP and practice characteristics     

Always eligible x post-2010 0.380 -0.252 -0.254 -0.014 
 (0.729) (0.698) (0.191) (0.162) 

Newly eligible x post-2010 0.558 0.574 0.089 0.226 
 (0.659) (0.573) (0.194) (0.186) 
     

Observations 8,080 8,080 8,080 8,080 

Number of GPs 2,143 2,143 2,143 2,143 
     

Matched on area characteristics     

Always eligible x post-2010 -0.070 -0.512 -0.191 0.250 
 (0.872) (0.807) (0.257) (0.237) 

Newly eligible x post-2010 0.238 0.647 0.455* 0.529** 
 (0.741) (0.650) (0.246) (0.239) 
     

Observations 5,669 5,669 5,669 5,669 

Number of GPs 1,562 1,562 1,562 1,562 

Notes: All models include covariates and year fixed effects. For brevity, only DID coefficients are presented. ***, **, * indicate 
significance at 1%, 5% and 10% respectively. 
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APPENDIX NOTES 

Note 4.A1: CEM matching procedure  

The CEM procedure involves temporarily coarsening 𝑋, say into 𝐶(𝑋) and perform exact matching on the 

coarsened 𝑋 i.e., 𝐶(𝑋). In this step, the observations are sorted into strata, each with unique values of 

𝐶(𝑋) and pruning any stratum with 0 treated or 0 control units. Then the original (un-coarsened) units 

are passed on, except those pruned, with weights generated for stratum size which are used in the 

analysis. The CEM procedure reduces imbalance not only in the means but also in the marginal and joint 

distributions of the data, and performs better than commonly used existing matching methods (such as 

propensity score matching) to reduce imbalance, model dependence, bias, variance and mean square 

error (Iacus, King, & Porro, 2011; Iacus et al., 2012; King, Nielsen, Coberley, Pope, & Wells, 2011). 

Matching on GP characteristics, resulted in 385 strata consisting of GPs in the treatment and comparison 

groups, out of which 339 strata found a match and only 152 observations were removed from the analysis 

sample due to a poor match. When we match on GP and practice characteristics, it resulted in 1,275 strata, 

out of which 773 found a match and 1,107 observations were removed due to a poor match. Matching on 

area-level characteristics resulted in 882 strata and only 317 found a match with 3,518 observations 

removed from the analysis sample due to a poor match. Our treatment and comparison are defined based 

on rurality of practice location, and therefore it is expected that practices in regional and remote areas, 

i.e. the treatment groups are different from practices in metropolitan areas (the comparison group) in 

terms of practice as well as area-level characteristics. Therefore, matching on practice or area 

characteristics reduces heterogeneity between the treatment and comparison groups but at the cost of a 

sizeable reduction in the analysis sample which is likely to affect the precision of the estimates.  

Note 4.A2: Practice Nurse Incentive Program 

A potential confounding factor for our analysis is the introduction of the Practice Nurse Incentive Program 

(PNIP) in 2012. The use of year fixed effects will control for the effects of common time-varying changes 

in policies. This problem could potentially arise if policies affect eligible and never eligible groups 

differently. Between 2010 and 2012, nursing incentives were not available to metropolitan practices. With 

the introduction of PNIP in 2012, practices across Australia, including in metropolitan areas (our 

comparison group), became eligible for nursing incentives. In our analysis, in addition to controlling for 

GP fixed effects, we include a rich set of time-varying characteristics of the GP, the GP’s practice and the 

practice location that may influence a practice’s participation in PNIP. More importantly, in chapter 3 we 

find that PNIP is not associated with any statistically significant effect on waiting times in general practices.  
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5 SUMMARY AND IMPLICATIONS  
 

This thesis aims to develop a better understanding of how changes in supply capacity affect 

access to primary care services as measured by waiting times. Using longitudinal data from the 

Medicine in Australia: Balancing Employment and Life (MABEL) survey, the thesis has analyzed 

how changes in physician labour supply, provision of financial incentives to support employment 

of practice nurses and to improve recruitment and retention of physicians in underserved areas 

impact waiting times for GP services.  

In this chapter, section 5.1 summarises the research findings from each of three independent 

studies, and the implications of the findings for policy are discussed in section 5.2. Finally, section 

5.3 consolidates the findings of the thesis and discusses avenues for further research.  

5.1 Summary of the findings 

The first study provides novel evidence on the extent to which the labour supply of GPs at the 

intensive margin affects waiting times. The analysis takes into account the endogeneity of labour 

supply due to both time-invariant and time-varying unobserved confounding factors potentially 

correlated with both hours worked by GPs and their waiting times. Controlling for demand-side 

factors, the results suggest that a 10% reduction in the average hours worked by a GP would 

increase the average time a patient waits to see the GP by 12%. Additionally, the study finds 

evidence that GPs who spend more time per patient, who graduated from an Australian medical 

school or have a post-graduate qualification or Fellowship of a college have higher waiting times. 

These results indicate that patients associate these characteristics with higher quality. Compared 

to major cities, regional and remote areas have higher waiting times, and GPs who are working 

in relatively affluent areas have lower waiting times.  

The second study examines the impact of an incentive scheme in Australia, the Practice Nurse 

Incentive Program (PNIP) that supports employment of nurses in general practices, on waiting 

times. This study is the first to evaluate the impact of a nurse incentive program on access to GP 

services. Applying a variety of panel data models and the Heckman selection model that take into 
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account the self-selection of practices into the program, the study finds no evidence that 

participation in PNIP is associated with a reduction in the average waiting times in practices.  

The third study, exploiting a policy change in Australia, provides unique evidence on whether 

rural workforce incentives aimed at encouraging physicians to work in rural and remote areas 

influence access to physician services in these areas. In 2010, the General Practice Rural Incentive 

Program (GPRIP) was introduced in Australia, causing an exogenous change in the eligibility for 

rural incentives for some geographical areas that resulted in positive income-shocks for GPs in 

these areas. Using difference-in-difference methodology, the study finds that, on average, mean 

waiting time for new patients fell by 16% (0.805 days relative to the mean of 4.93 days) from 

2010 to 2014 for GP practices in areas that became newly eligible for rural incentives. We find 

evidence that this is driven by financial incentives attracting new GPs to move to these newly 

eligible areas (Yong et al., Unpublished). We find no evidence of a decline in the number of GPs 

in always eligible areas relative to never eligible areas, which indicates that rural incentives are 

useful in at least maintaining the GP workforce in practices in always eligible areas (most remote 

areas). We find no evidence of rural financial incentives affecting labour supply of physicians at 

the intensive margin.   

5.2 Implications of the findings 

Like many other countries, the changes in the burden of disease across Australia, in tandem with 

changing demographics due to an ageing population, are increasing the overall pressure on 

Australia’s primary health care system. In 2010, the Australian government released the National 

Primary Health Care Strategy to improve primary care planning and service delivery (Department 

of Health, 2013) and it recognised improving access and reducing inequity as one of the key 

priority areas. It suggested that it could be achieved by improving the capacity of primary health 

care providers through promoting the development of multi-disciplinary teams and improving 

funding models that provide incentives to focus on improved outcomes for patients. However, 

the evidence-base is thin on how far such initiatives could help improve access and reduce 

inequity. This thesis provides important evidence in this direction. It represents a significant body 



176 
 

of research on waiting times in primary care and how they are affected by supply-side factors 

and policy interventions.  

The first study makes an important contribution to the literature by being the first to examine 

the impact of hours worked by GPs on the length of time patients wait to see them. The results 

of the study have implications for primary care workforce planning. The findings suggest that the 

current trend of declining working hours of GPs is likely to lead to higher waiting times for 

patients. If GPs are making optimal labour supply decisions then providing financial incentives is 

likely to have little impact on their labour supply (Broadway et al., 2017; Kalb et al., 2015). 

Therefore, alternative policy responses targeting the extensive margin such as recruitment of 

international medical graduates and increased domestic training might be needed to improve 

access to GP services.    

One of the key policy responses to increase primary care capacity has been to encourage the 

employment of practice nurses with the hope of shifting care from GPs to nurses. The second 

study provides novel evidence on the extent to which nurses can influence access to GP services.  

The findings of the study suggest that supporting the employment of nurses through flexible 

funding models does not influence access to GP services as measured by waiting times to see a 

GP. Recent studies have highlighted that several barriers to enhanced role of nurses in Australian 

general practice still exists, these include lack of clarity around nurses’ roles and responsibilities 

and medico-legal obligations (Halcomb et al., 2014; McInnes et al., 2015; McKenna et al., 2015). 

In addition to providing flexible funding to support nurse employment, these barriers should be 

addressed for nurses to reach their full potential in the primary care setting and potentially 

increase capacity through enhanced collaboration between GPs and nurses. 

The third study provides new evidence on the effect of providing financial incentives to 

encourage GPs to work in underserved areas on access to physician services in these areas. The 

findings suggest that rural financial incentives do play a crucial role in maintaining GP numbers 

in rural areas and therefore suggest caution with policies to reduce or remove rural incentives. 

However, the finding also highlights that alone financial incentives may not be enough to 

significantly improve access to GP services for all patients in underserved areas. This echoes the 
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importance of multifaceted responses that also target to improve non-monetary aspects of 

working in rural and remote areas (i.e. professional and personal factors) to improve retention 

of GPs in underserved areas as pointed out in several other studies and reviews (Buykx et al., 

2010; McPake et al., 2014; Russell et al., 2017).  

5.3 Thesis conclusions and areas for future research 

Australia’s primary care health workforce is facing significant challenges with growing demand 

for health services due to ageing populations and changing burden of diseases. It is imperative to 

address these challenges to maintain primary care system’s capacity and ensure appropriate 

access to primary care services.  

This thesis has examined, for the first time, the impact of three key aspects of primary care 

capacity – GPs, practice nurses and financial incentives on access to primary care as measured by 

waiting times. It makes significant contributions to the waiting time literature by focusing on 

primary care and on supply-side factors, rather than hospital waiting times. It also adds to the 

literature on the impact of incentives on the delivery of healthcare. The results of the research 

presented in this thesis provide an important body of evidence for primary care policy 

development and workforce planning. 

Broadly, the findings of the thesis suggest that waiting times for GP services are influenced by 

important demand and supply-side factors. Important demand factors include characteristics 

that capture the quality of the GP or the practice such as post-graduate qualification/Fellowship, 

experience and gender of GP(s). Controlling for demand-side factors, labour supply of GPs at the 

intensive and the extensive margin are important determinants of how long patients wait to see 

a GP. Therefore, it is important to maintain an adequate supply of GPs. Australia has been relying 

on migration to manage the short-term need for doctors and government has been making 

efforts to improve the domestic supply of doctors through training reforms. However, 

geographical distribution of doctors remains a matter of significant concern where growth in 

supply of doctors is not leading to proportional improvements in geographical distribution. The 

government has been using financial incentives to influence the location choice and labour supply 

decisions of doctors. Rural financial incentives play an important role in maintaining GP supply 
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and primary care access in rural and remote communities. However, given the complex range of 

factors affecting the labour supply and location choices of doctors, significant improvement in 

access to primary care services is likely to depend on multilayered policy development and 

planning targeting GPs’ professional, educational and personal factors including childcare 

facilities.   

Another potential way to improve primary care capacity and access is to improve practice 

organisation and better use the skills of other primary health care workers such as nurses which 

could also save money. In Australia, the government moved away from task-based remuneration 

for nursing services to capitation-based funding model for nurses with the hope to expand the 

role of nurses in general practice. However, changing funding arrangements alone might not lead 

to improved access to primary care services. Unless professional bodies update existing 

regulations that govern medico-legal obligations of health workers and government invests in 

providing training to nurses to take up advanced roles, the impact on access of improved funding 

models is likely to be negligible or very slow.   

Therefore, the thesis raises a range of areas for further research. The key avenues for future 

research include examining the role of financial incentives in improving practice organisation in 

terms of skill-mix and analysing how skill-mix affects access, quality of services, patient outcomes 

and costs in general practice.  

The main limitation of this thesis was the relatively short time span of the dataset, a period of 

seven years. This was particularly evident in the analysing the impact of incentive programs 

where we could not make conclusions about their impact in the longer-term. The solution to this 

problem is to have more extended time series of data. More and better data would provide an 

opportunity to not only answer additional research questions about the relationship between 

practice organisation and outcomes in healthcare but also extend and improve the work in this 

thesis using advanced methods. More extended datasets would enable, for example, to study 

the impact of medical workforce incentives on labour supply and access in the longer-term, 

better controlling the underlying trends.  
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Although MABEL is the best available data for the purpose of this thesis, better and more data in 

the future could open avenues for improved understanding of how different models of care affect 

GP productivity and access to their services and the quality of care. This thesis has provided the 

first evidence on the impact of supply-side factors and policy interventions on waiting times for 

primary care services, hoping to encourage more research in this area.   
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