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ABSTRACT 

 

This thesis studies three distinct questions within the field of health economics. Their analyses 

form three essays which constitute the body of this thesis and are concerned with, respectively, the 

role of social capital on the health outcomes of the elderly population in the eastern provinces of 

Indonesia; the relative importance of personal and professional circumstances against 

socioeconomic conditions as determinants of relocation choice for Australian general 

practitioners; and contributors to work supply differences between male and female physicians in 

Australia across a number of medical specialisations. 

 

Using the 2012 Indonesian Family Life Survey – East survey, the first paper (chapter 2) contributes 

to the existing literature on social capital’s effects on health outcomes which has hitherto mostly 

focused on high-income countries and China by examining the elderly population in the seven 

most vulnerable eastern provinces in a middle-income country. Using an array of health measures 

– subjective and objective, physical and mental – stratified by regions and demographic groups, 

we show that measures of social capital are statistically significant and positively correlated with 

the Katz Activities of Daily Living. In contrast, social capital has a reduced influence on self-

assessed health outcomes and no perceptible effect on chronic illnesses. Indonesia offers an 

important case study because it is projected to become one of the largest nations in terms of its 

elderly population over the next 50 years. Therefore, given its relatively limited health coverage, 

the effects of enhanced social capital, if any, on health outcomes and health aging is of relevant 

policy considerations.  
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Using the first five waves from Medicine in Australia: Balancing Employment and Life, the second 

paper (chapter 3) looks at the relative importance of a range of factors which may motivate 

Australian general practitioners to relocate from one workplace location type to another – for 

example, from a metro to a non-metro region or vice versa. It contributes to a large body of 

literature which studies on the determinants of physicians’ decisions to stay in or leave a work 

location but departs from existing researches in two ways: Instead of focusing on static variables 

in determining where GPs choose to work, we look for how changes in certain variables of interest 

can prompt relocation considerations over time; second, we compare patterns at the local area level 

in comparison to changes to personal and professional circumstances in terms of their influence 

on relocation decisions. We find negative changes in real estate valuations – likely symptomatic 

of a broader deterioration in living conditions in the area – and decreases in socioeconomic 

conditions consistently lead to an increase in the odds of relocation. On the other hand, 

improvements in these measures have no detectable effects. In addition, we observe no perceptible 

influence from changes in work hours or self-assessment satisfaction score in either direction. Our 

findings demonstrate that although individual and professional circumstances are important 

factors, their influences on relocation decisions are less pronounced in comparison to changes in 

the overall attractiveness of the location in question. This is because rarely are such decisions made 

in isolation; instead, relocation choices are typically made as a family such that the employment 

opportunities for one’s spouse or children’s schooling needs are also non-negligible determinants.  

 

The third paper (chapter 4) studies gender differences in labour supply among general 

practitioners, internists, surgeons and other specialists in Australia using the Medicine in Australia: 

Balancing Employment and Life survey data from 2008 to 2017. The policy relevance is underlined 
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by the fact that workload differences is the primary contributor to the gender pay gap in the medical 

profession. We contribute to the literature via a detailed examination of the asymmetric, gender-

specific effects of age, marital status, parental status and medical specialisations on Australian 

physicians’ intensive margin of labour supply. Across all doctor types, we find no reduction in 

female labour supply due to marital status. For general practitioners, female physicians typically 

work fewer hours than male physicians with a difference extending to an average of one standard 

workday given parental duties. For internal specialists, in contrast, there is no compositional 

difference between female and male physicians. However, a similar average gender difference of 

one standard workday becomes present when there is at least one dependent child. For surgical 

specialists, the magnitude of the gender gap due to parental status is markedly smaller at an average 

of a few hours per week. Furthermore, there are no reductions in hours by female surgeons and the 

difference is instead due to male surgeons’ increased labour supply. Finally, for specialists 

otherwise not classified into internal or surgical, we find patterns highly similar to general 

practitioners. 
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Chapter 1 – Introduction 

 

As a branch of economics, health economics has grown to become one of its most expansive fields. 

According to one of its leading field journals, Journal of Health Economics, its scope encompasses 

the demand for, investment in and production of health services; the economic consequences 

resultant from health outcomes; and the effects from policy interventions amongst other topics of 

interest.  

 

This thesis applies microeconometric methods to study three distinct questions associated with 

health economics. The questions are:  

 

1) What is the role of social capital on the health outcomes of the elderly population in the 

eastern provinces of Indonesia?  

2) What is the relative importance between changes in personal and professional 

circumstances against changes in the local socioeconomic conditions as determinants of 

relocation choices for general practitioners in Australia?  

3) What factors explain the differences in work supply between male and female physicians 

across a number of medical specialisations? 

 

The first paper is set in the context of Indonesia. Using the 2012 data from the Indonesian Family 

Life Survey – East survey, we contribute to the existing literature on social capital’s effects on 

health outcomes which has hitherto mostly focused on high-income countries and China by 

examining the seven most vulnerable eastern provinces in a middle-income country. In particular, 
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we analyse whether having access social capital – loosely defined as a set of social norms that can 

facilitate and promote community participation, interpersonal interactions and social trust – 

correlates with good health in individuals aged 50 years and above. We test the robustness of our 

findings via different health measures – subjective and objective, physical and mental – as well as 

across different regions and demographic groups. As we point out in the paper, Indonesia offers 

an important case study because it is projected to become one of the largest nations in terms of its 

elderly population over the next 50 years. Therefore, given its relatively limited health coverage, 

the effects of enhanced social capital, if any, on health outcomes and health aging is of relevant 

policy considerations.  

 

The second paper looks at factors which may motivate Australian general practitioners to relocate 

from one workplace location type to another – for example, from a metro to a non-metro region or 

vice versa – using the first five waves from Medicine in Australia: Balancing Employment and 

Life. It contributes to a large body of literature which studies on the determinants of physicians’ 

decisions to stay in or leave a work location with the view of addressing persistent maldistribution 

issues in Australia’s rural and remote regions. Although the question is familiar, this paper’s 

approach departs from existing researches in two ways: Instead of focusing on static variables in 

determining where GPs choose to work, we look for how changes in certain variables of interest 

can prompt relocation considerations over time; second, rather than treating this question as being 

unique to the medical profession by focusing attention on individual and professional 

characteristics, we look at whether patterns at the broader, local area level can have a comparable 

causal effect on mobility patterns. That is, we approach this question in the same manner as most 

other professions and investigate if the required growth in areas of need can be stimulated by 
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creating the right environment. This is done so as to offer a comparative assessment on the relative 

importance of local socioeconomic factors versus personal and professional circumstances when 

it comes to general practitioners’ relocation choices.  

 

The third paper studies gender differences in labour supply among general practitioners, internists, 

surgeons and other specialists in Australia using the Medicine in Australia: Balancing Employment 

and Life survey data from 2008 to 2017. Despite having a near equal composition of female and 

male workers across all major industries in 2019, the Australian labour market continues to exhibit 

persist gender pay gaps. This inequality in earnings also extends to medicine where a large body 

of literature exists that attempts to explain the gender pay gaps among doctors. Given the extremely 

high human capital present, one would expect the medical profession to be immune from factors 

such as traditional gender roles or workplace discrimination which can lead to the pay wage in 

other contexts. It follows that self-selection – namely female physicians’ time away from work 

and the decision to work fewer hours due to the presence of children – may explain a meaningful 

portion of the disparity in pay. As such, we flip the standard approach on its head by focusing on 

the determinants of work hours instead. In particular, we contribute to the literature via a detailed 

examination of the asymmetric, gender-specific effects of age, marital status, parental status and 

medical specialisations on Australian physicians’ intensive margin of labour supply. In addition, 

this study is unique in its careful distinction between differences in compositions and differences 

in effects as pertains to gender’s impact on work hours. Achieving a better understanding on the 

determinants of labour supply gap in medicine is evidently important because, first, work hours is 

the most significant contributor to the gender pay gap. Second, as the trajectory of medical student 

enrolments point to a continual growth in the proportion of female doctors, the scaling back of 
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work hours by female doctors due to family responsibilities would consequently have wider 

implications for the Australian healthcare system.  
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Chapter 2 – Social Capital and Healthy Ageing in Indonesia 

 

Cao, Junran, and Anu Rammohan. 2016. ‘Social Capital and Healthy Ageing in Indonesia’. 

BMC Public Health 16 (1): 631. https://doi.org/10.1186/s12889-016-3257-9. 

 

https://doi.org/10.1186/s12889-016-3257-9
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Chapter 3 – Relocation Choices of Australian General Practitioners 

 

3.1 Introduction 

 

The topics of shortage of rural doctors and the uneven distribution of general practitioners has been 

a recurring theme in research and policy discussions in Australia over the past two decades 

(Department of Health 2016). Furthermore, given the concentration of its population along coastal 

cities and the logistical difficulties of travel, meeting the medical needs of its rural population1 has 

been a unique challenge despite an adequate or, in certain instances, oversupply of doctors in the 

city areas (Health Workforce Australia 2014, pp.12-14)2.  

 

Initiatives implemented to address this inequality in medical care access include the Bonded 

Medical Scheme, whereby qualifying medical students would have their university tuition covered 

under the agreement to work in rural areas designated as experiencing doctor shortages for a 

minimum period of time (Department of Health 2017); and the recruitment of foreign trained 

 
1 For convenience, the term ‘rural’ is used in this paper as a catch-all term to encompass ‘regional’, ‘rural’ and 

‘remote’ areas as defined by the Australian Bureau of Statistics’ (ABS) Australian Standard Geographic 

Classification (ASGC) Remoteness Structure (ABS 2011).  

2 According to the Australian Institute of Health and Welfare (2015, Figure 6), the number of medical practitioner 

FTE per 100,000 population has consistently been lower in rural regions by a factor of approximately 1.6 as 

compared to the major cities. 
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doctors under similar stipulation (McGrail et al. 2017). All in all, however, these policies have not 

proven to be long-term solutions as evidenced by the continuing efforts to address this issue3.  

 

In terms of supply and distribution, the central research questions are concerned with Australian 

general practitioners’ location selections, retention rates and mobility patterns. Beginning from 

2008, a large scale yearly survey of Australian medical professionals called the Medicine in 

Australia: Balancing Employment and Life (MABEL) was undertaken in order to provide 

comprehensive information on ‘a range of doctors’ attitudes to work, job characteristics, work 

settings, finances and family circumstances’ (Taylor, et al. 2016, p.5). With regard to rural 

workforce supply and distribution, one of MABEL’s aims is –  

 

To better understand how changes in personal and professional circumstances influence 

the decision to stay in, or leave, rural and remote areas (Medicine in Australia: Balancing 

Employment and Life 2017) 

 

A consistent focus in the existing research since the availability of the MABEL dataset, has been 

an exploration of the roles played by factors such as job satisfaction, work activity, rural/non-metro 

background in influencing location selection, retention and mobility. For example, O’Sullivan et 

al. (2017) uses cross-sectional data from the 2014 MABEL to examine the association between 

job satisfaction and geographical location for medical specialists. The authors find no relationship 

between job satisfaction and location selection and hypothesize that it is due to self-selection (p.7). 

 
3 See, for example, Medicine in Australia: Balancing Employment and Life (2017), McGrail et al. (2017) and 

Department of Health (2016). 
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McGrail and Russell’s (2016) study uses the panel MABEL dataset from 2008 to 2013 to explore 

the links between a medical professional’s career stage and his/her being amongst the rural medical 

workforce supply. Some of the findings include that gender is found to have no effect in the 

likelihood of working in a rural area (p.4); that rural-origin is positively and significantly linked 

to rural practice (p.1); and of the graduates who choose to become general practitioners (GPs), 

proportionally fewer at early- and establishing-career stages work rurally as compared to those in 

late-career stage (p.5). Similarly, Joyce and Wang (2015) uses the 2011 MABEL to identify 

patterns of job satisfaction and Mu (2015) examines a complementary question by looking at the 

location decisions of GPs with respect to their age profiles. Finally, McGrail and Humphreys 

(2015) examines the issue of medical workforce maldistribution in rural areas in terms of doctors’ 

mobility patterns. Using five waves of the MABEL data, some of their findings include: (i) On 

average, GPs have a mobility rate of 4.6% (p. 93), (ii) no association is found between mobility 

with gender and family status (p. 96), (iii) age and duration-of-stay play a large role, in particular, 

younger GPs who have been in their current locations for less than three years are most likely to 

relocate (pp.92 and 95), and (iv) the observed rate (per year) of moving from a metro to non-metro 

region is 1 in 75, in contrast to 1 in 31 in the reverse direction( p.94). Finally, a recent study by 

McIsaac et al. (2019) examines the role of financial factors in Australian GPs’ mobility and 

location choices. The authors find that, even when a financial incentive is present, established GPs 

are not mobile generally. It suggests that location choice is multifaceted and financial 

considerations are but one aspect of it. The explanatory variables used in McIsaac et al. (2019) 

help to inform the selection of potential regressors in this paper.  
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This paper also examines the questions of GPs’ mobility pattern, however, our approach differs 

from the aforementioned studies and contributes to the literature in the following two important 

ways. First, instead of using static variables as determinants on GPs’ workplace choices, we look 

at how changes in selected variables of interest can prompt relocation considerations across time. 

Second, we compare the relative importance between the effects of individual and professional 

characteristics versus potential causal effects from broader, local socioeconomic conditions on 

relocation decision.  

 

Our approach is motivated by the fact that these weighty decisions to relocate or otherwise are 

typically made as a family and not on an individual basis. The employment opportunities of one’s 

spouse and the schooling needs of one’s children, for example, may therefore be of relatively 

greater importance as compared to job characteristics such as more procedural work or easier 

access to locum which are designed to induce more GPs to work in rural or remote locations. As 

such, it is important to examine local-level socioeconomic conditions as well as individual factors 

when studying the determinants of relocation choices.  

 

In addition, many of the key predictors from the existing literature such as gender, age profile and 

personal background, are used mostly as control variables in this paper whereas selected dynamic 

variables concerning the changes in socioeconomic conditions, household earnings, work hours 

and self-reported job satisfaction levels are treated as causal variables of interest. 
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3.2  Variable Constructions and Hypotheses  

 

3.2.1 Data 

 

The data for this analysis comes from the first five waves of the MABEL dataset. MABEL is a 

large longitudinal survey of Australian doctors beginning from 2008 that is collected and 

maintained by Melbourne Institute: Applied Economic & Social Research at the University of 

Melbourne.  

 

For the purpose of this study our focus is on a sample of approximately 1,000 general 

practitioners who have participated in each of the first five waves. Our sampling strategy 

requires, first, the GPs indicate they are in clinical practice at the time of survey and, second, 

have no non-responses on questions essential to our analysis such as practice location, gender, 

marital status, earnings, work hours and years in practice.   

 

3.2.2 Outcome Variable 

 

Over a five year period, the binary version of the outcome variable is defined as follows: Given 

the subject’s initial (wave 1) workplace location of City, Regional and Remote, the outcome 

variable equals to 1 if in any of the subsequent survey responses (waves 2 – 5) a different location 

type is recorded; otherwise the variable equals 0. 
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It is worth emphasizing that relocation has a specifically defined meaning in this context: a change 

of workplace from, say, one clinic to another within the same city area is not considered a 

relocation. In short, this paper deals with ‘substantial’ relocation choices likely to involve large 

geographical distances and a change on the remoteness index as defined by the ABS’s Australian 

Standard Geographical Classification (ASGC)4. 

 

Whilst there is a theoretical possibility a GP may relocate from, say, waves 2 to 3 before moving 

back to their original location in wave 4, in practice this possibility is ignored for two reasons: i) 

there is insufficient information to determine whether a relocation of a sequence such as {rural, 

city, rural} refers to moving back to the initial or an entirely different location (ii) less than 0.5% 

of observations in the sample exhibit this pattern. 

 

Table 3-1 presents the descriptive statistics of the sample used in the empirical analyses. From 

Table 3-1 we observe that about 90% of GPs are married and 70% have at least one dependent 

child, demonstrating that the question of relocation would be more appropriately treated as a 

decision made within a family rather than by an individual. Male GPs are slightly more numerous 

at 57% and most of the doctors are well established with more than two decades of work 

experiences (with a standard deviation of one decade). In addition, more than 80% of respondents 

graduated from an Australian university and about one-third have lived in a rural area for a 

meaningful period of time.  

 

 
4 This point is revisited in the Limitation section. 
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Table 3-1 Descriptive Statistics 

Variable N Mean St. Dev. Min Max 

Partner/Spouse [1 = yes, 0 = no] 1,050 0.88 0.32 0 1 

Child/Children [1 = yes, 0 = no] 1,050 0.69 0.46 0 1 

Gender [1 = female, 0 = male] 1,050 0.43 0.49 0 1 

Career stage (years) 1,050 24.62 10 1 61 

Taxation status [1 = sole trader/partnership, 0 = others] 1,050 0.42 0.49 0 1 

No. of practices [1 = 1 location, 0 = more than 1 location] 1,050 0.33 0.47 0 1 

Education debt ($) 1,050 1,398.53 14,026.67 0 280,000 

Business debt ($) 1,050 38,735.77 130,943.80 0 1,850,000 

Practice/Business liability ($) 1,050 4,291.18 2,964.08 0 30,000.00 

Consultation fee ($) 1,050 43.16 22.72 0 160 

Annual salary in wave 1 ($) 1,050 199,688.10 138,327.20 0 863,000 

Australian education  [1 = yes, 0 = no] 1,050 0.82 0.39 0 1 

Self-assessed social opportunities at work location [1 = good, 0 = otherwise] 1,050 0.6 0.49 0 1 

Grew up in rural area  [1 = yes, 0 = no] 1,050 0.3 0.46 0 1 

Likelihood of quitting profession within five years [1 = likely, 0 = no] 1,050 0.18 0.39 0 1 

Initial location [1 = city, 0 = non-city] 1,050 0.32 0.47 0 1 

Changes in housing prices [-1 = decrease, 0 = no change, 1 = increase] 1,050 0.11 0.37 -1 1 

Changes in socioeconomic conditions [-1 = decline, 0 = no change, 1 = improvement] 1,050 0.21 0.56 -1 1 

Changes in household earnings [-1 = decrease, 0 = no change, 1 = increase] 1,050 0.1 0.95 -1 1 

Changes in population below ages 5 & above 65 [-1 = decrease, 0 = no change, 1 = increase] 1,050 0.02 0.45 -1 1 

Changes in working hours [-1 = decrease, 0 = no change, 1 = increase] 1,050 -0.005 0.93 -1 1 

Changes in self-assessed job satisfaction [-1 = decline, 0 = no change, 1 = improvement] 1,050 0.06 0.59 -1 1 

Changes in professional development opportunities [-1 = decline, 0 = no change, 1 = improvement] 1,050 -0.14 0.55 -1 1 

Changes in location  [1 = relocation, 0 = no relocation] 1,050 0.08 0.27 0 1 

Changes in location [-1 = towards rural, 0 = no change, 1 = towards city] 1,050 0.01 0.28 -1 1 
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3.2.3 Causal variables 

 

The causal variables of interest are defined to be the magnitudes of change between wave 1 and 

wave 2 for (i) real estate valuations (ii) socioeconomic conditions (iii) household earnings (iv) 

typical work hours and (v) self-assessed job satisfaction scores. The reason the causal variables 

are not similarly defined as the outcome variables across the five waves is because, given the 

momentous nature of the relocation decision , it would be unrealistic to expect that a decline in, 

say, weekly work-hours would lead to a relocation within the same year; and, as such, any 

statistical correlation that results from regressing the outcome variable against a causal variable 

over the same span of time is most likely to be spurious. 

 

Therefore, in keeping with how major family decisions are actually made, we are more interested 

in testing to see if these types of change can act as a catalyst or ‘trigger’ to eventually cause a move 

to a new location in the following years.  

 

3.2.3.1 Changes in real estate valuations 

 

The first causal variable is the changes in real estate valuations. This change is captured in the 

differences in the median house prices at the postcode level. This variable is a categorical variable 

with three levels including ‘decline’, ‘rise’ and ‘no change’ in median housing prices.  

 

Housing represents the largest asset for most families and changes in housing prices are one of the 

most important factors in determining where one chooses to live and work. In this paper, we 



31 

 

hypothesize that changes in real estate valuations work through a number of channels: for a rise in 

housing price at a particular area, the current owners may be tempted to sell their property if they 

suspect a temporary bubble. On the other hand, prospective owners may be deterred from entering 

this market due to the higher prices. Therefore, the effects of a rise in property price, although real 

if the hypothesis holds, may be absent from the data owing to these opposing forces. In contrast, 

declines in property prices are usually associated with a broader socioeconomic decline of the 

surrounding area due to, for example, increasing crime or unemployment. When property prices 

fall for reasons other than excessive supply, potential buyers are less likely to be attracted to the 

area. Given the data covers all of Australia (when oversupply of housing has mainly concentrated 

in apartments and flats in the capital cities), we hypothesize that declines in housing prices to 

increase the likelihood of relocation. 

 

3.2.3.2 Changes in socioeconomic conditions 

 

The second causal variable represents changes in socioeconomic conditions at the postcode level. 

This variable is constructed from ABS’ Socio-Economic Indexes (SEIFA) including the Index of 

Relative Socio-Economic Disadvantage, the Index of Relative Socio-Economic Advantage and 

Disadvantage, the Index of Education and Occupation and the Index of Economic Resources (ABS 

2011b). As the correlation matrix between the four indexes approximates a Pearson correlation of 

1 for each pairing, a single variable aggregating information from all four indexes is used. This 

variable is a categorical variable consisting of three levels including ‘deterioration’, 

‘improvement’ and ‘no change’ in local socioeconomic conditions. 
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The surrounding socioeconomic conditions are important considerations with respect to relocation 

decisions. I postulate an improvement in this measure will mean the current residents are less likely 

to move away whereas a deterioration will prompt considerations of possible relocation. For 

individuals and families planning to move into the area, a deterioration will steer them away 

whereas an improvement will make the area more attractive; however, such an improvement will 

also be associated with a rise in property prices making housing less affordable. All in all, 

consistent with changes in property prices, the hypothesis is that a deterioration in socioeconomic 

conditions will most clearly be associated with relocation. 

 

3.2.3.3 Changes in household earnings 

 

The third causal variable is the changes in household earnings. Although the effects from both are 

estimated, changes in the overall household earnings is conjectured to be more consequential than 

changes in an individual’s salary since approximately 90 percent of the respondents in the sample 

has a spouse/partner. This variable is a categorical variable with three groups including ‘decrease’, 

‘increase’ and ‘no change’ in household earnings in net percentage terms. 

 

We postulate that a change in household earnings will exert asymmetric effects on the decision to 

relocate depending on whether the household experiences an increase or decrease in earnings. 

When a household’s earning increases at a location, it evidently reflects financial success and thus 

makes one less inclined to relocate. On the other hand, when a household’s earnings decreases, 

perhaps due to declining patient numbers or increasing competition, it may initiate thoughts of 

moving to another location.  
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In contrast to the first two causal variables, endogeneity in the form of simultaneity bias may exist 

when regressing a change in household earnings against the outcome variable. That is, if the above 

hypothesis holds, while a decrease in household earnings may trigger actions to relocate, relocation 

(unrelated to or unprompted by changes to one’s financial situation) may alike cause a change in 

household earnings. The next section details the instrumental variable approach in addressing this 

endogeneity issue and compares results obtained via direct versus IV estimations. Note, however, 

that due to the manner in which the outcome variable and causal variables are defined (i.e. the 

former is constructed as a change across five years whereas the latter is based on changes across 

two earliest years), the chances of simultaneous determination are thus reduced.  

 

3.2.3.4 Changes in work hours 

 

The fourth causal variable is the changes in the working hours in a typical week. This variable is 

a categorical variable with three categories including ‘decrease’, ‘increase’ and ‘no change’ in 

typical working hours. There are a number of reasons why a change in work hours may lead to 

relocation considerations. For example, declining work hours may be due to fewer patients, in 

which case its effect on relocation consideration would be similar to a decline in earnings. A 

reduction in work hours may also be the result of a GP substituting consultation times for 

opportunities to pursue specialist training or additional qualifications. In the latter scenario, if the 

GP is presently residing in a non-city location, one would expect the likelihood of a move to a city 

location in future years to increase in pursuance of greater professional development opportunities.  
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No linear hypothesis for GPs’ work hours, however, can be formed on the basis of city versus non-

city workplaces: As a rule of thumb, GPs in city areas may see more patients, in contrast, GPs in 

non-city areas take on a larger number of tasks due to the comparative fewer number of specialists 

(e.g. more procedural work) and other support medical staff. In the same way as a change in 

household earning, one would expect endogeneity – in the form of simultaneity bias – to exist 

when regressing a change in work hours against the outcome variable. The following section 

details the instrumental variable approach in addressing this endogeneity issue and compares 

results obtained via direct versus IV estimations. 

 

3.2.3.5 Changes in self-assessed job satisfaction score 

 

The final causal variable is the changes in self-assessed job satisfaction scores. This variable is a 

categorical variable which includes ‘decline’, ‘improvement’ and ‘no change’ in job satisfaction. 

Various aspects concerned with a GP’s evaluation of his/her work environment is asked in the 

survey ranging from promptness of IT support to the ease of delegating tasks; and the variable 

used constitutes an aggregate score summarizing the GP’s overall judgement. One can easily 

imagine that increasing dissatisfaction with the current workplace would prompt thoughts of 

moving elsewhere. However, the hypothesis advanced is that, in the absence of other ‘triggers’, 

increasing dissatisfaction alone is unlikely to lead to relocations. This is because, given the onerous 

relocation requirement explored in this paper, in the absence of a drastic turn for the worse, 

otherwise commonplace loss of enthusiasm at the workplace is unlikely to effect such a major 

change. 
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3.2.4 Control Variables 

 

In contrast to the dynamic outcome and causal variables, the control variables are static and based 

on information from wave 1. The reasons are two-fold: first, it is self-evident for control variables 

such as gender as well as variables such as number of career years which increases in a monotonic, 

deterministic manner that no dynamic elements need to be introduced. Second, the control 

variables serve the function of providing a foundation – that is, information such as what type of 

area the GP is initially working and living in and whether he/she has spent time living in a rural 

area during their formative years are not the variables of interest per se but are controlled for their 

possible impacts on the future propensity to change workplace locations as a means of isolating 

the causal chain from the causal variables to the outcome variable.  

 

In order to test the robustness of the causal variables’ effects on the outcome variable, the control 

variables are grouped into three combinations with each permutation forming an independent 

regression. The first group includes the core variables of gender, with or without a partner/spouse, 

has child/children or otherwise and career stage. The second group adds business details such as 

the status of the clinic for tax purposes, amount of education debt, practice liability and more. The 

final group includes all the preceding variables plus background information on whether the GP is 

educated in Australia or overseas, self-assessed likelihood of leaving the profession in the next 

five years, initial workplace location type and more.  
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3.3 Identification Strategies and Estimation Results 

 

The overall estimation approach is depicted in Figure 3-1. The central idea is to investigate the 

influence of each of the causal variables which captures changes between the first two waves upon 

the outcome variable that spans from the first to fifth wave with key variables from the first wave 

acting as controls.  
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Figure 3-1 An outline of the relationship between three classes of variables in the estimations 
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The main estimation equation for each of the causal variables is as follows: 

 

Δlocation =  αΔcausal + X′β + 휀 … (1) 

 

The term on the LHS is the outcome variable. The first term on the RHS refers to the causal 

variable of interest and the sign, magnitude and statistical significance of its coefficient 𝛼 are the 

focuses of the estimations. The second term on the RHS refers a particular selection of control 

variables, including the practice’s business structure, logged values of business and education 

debts as well as consultation fees, initial location classification, whether the doctor has lived in a 

rural area in his/her youth, gender, marital status, the presence of dependent children and the 

physicians’ ordinal responses concerning their level of satisfaction with the current degree of social 

interaction as well as the likelihood of leaving medicine in the next five years. Finally, as the 

outcome variable is a binary, categorical variable, a logistic regression model is estimated. 
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3.3.1 Changes in real estate valuations 

 

Table 3-2 Changing housing price as a predictor of relocation 

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

Housing price - Decrease 1.845*** 1.499*** 1.772*** 1.503*** 

 (0.485) (0.506) (0.516) (0.534) 

Housing price - Increase 0.374 0.298 0.275 0.239 

  (0.326) (0.334) (0.336) (0.341) 

1(Female) -0.054 -0.157 0.153 0.061 

 (0.247) (0.255) (0.259) (0.267) 

1(Married) 0.171 0.165 0.091 0.099 

 (0.366) (0.373) (0.375) (0.382) 

1(Children) -0.893*** -0.801*** -0.921*** -0.812*** 

 (0.257) (0.265) (0.267) (0.273) 

Career stage (yrs) -0.040*** -0.027** -0.045*** -0.032** 

 (0.012) (0.012) (0.013) (0.014) 

1(Sole trader or partnership)  -0.156  -0.146 

  (0.252)  (0.255) 

1(One practice location only)  0.422*  0.302 

  (0.245)  (0.253) 

log(Education debt + 1)  0.105**  0.092* 

  (0.046)  (0.047) 

log(Business debt + 1)  -0.043  -0.036 

  (0.034)  (0.035) 

Practice or business liability (AUD)  -0.0001  -0.0001 

  (0.0001)  (0.0001) 

log(Consultation fee + 1)  0.041  0.041 

  (0.077)  (0.078) 

1(Australian university graduate)   0.214 0.243 

   (0.321) (0.327) 

1(Self-assessed social opportunities at work location is good)  -0.174 -0.216 

   (0.257) (0.261) 

1(Grew up in a rural area)   0.387 0.383 

   (0.256) (0.259) 

1(Likely to quit profession within five years)   0.681** 0.570* 

   (0.327) (0.336) 

1(Wave 1 location is Non-metro)   0.908*** 0.828*** 

   (0.255) (0.260) 

Constant -1.245*** -1.477*** -1.841*** -2.021*** 

  (0.441) (0.550) (0.581) (0.656) 

Log Likelihood -267.529 -260.681 -256.111 -251.286 

Akaike Inf. Crit. 549.057 547.362 536.222 538.573 

Observations 1,050 1,050 1,050 1,050 

 

Notes: Dependent variable in columns (1) – (4) is the binary variable Δlocation across waves 1 to 5. Values enclosed in brackets 

are the standard errors. Interpretation of the coefficients is discussed below. *p<0.1, **p<0.05, ***p<0.01 
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Across four different combinations of the set of control variables, the effects due to changes in 

housing prices on relocation decisions remain consistent. An increase in property price has no 

statistically significant effect on relocation perhaps due to reasons advanced in the preceding 

section: the temptation to sell by the current owners is concealed in the data by potential entrants 

being deterred from entering. A decrease, however, is statistically significant at the 1% level and 

raises the odds ratios of relocation from 4.5 (= exp (1.503)) to 6.3 (= exp (1.845)) relative to no 

changes in property price.  

 

Amongst the statistically significant (at p < 0.05 and p < 0.01) control variables, we find having 

dependent children to lower the likelihood of relocating with an odds ratio about 0.4. Each 

additional year in the profession is projected to lower the likelihood of relocating with an odds 

ratio in the vicinity of 0.9. Having student debt slightly increases the odds of relocating by 1.1 

times as one is presumably more attuned to financial incentives relative to other factors. 

Noticeably, if the GP’s initial location is in a non-city area, he/she is more likely to relocate with 

odds ratio of 2.3 to 2.5 relative to starting from a city area. 

 

With respect to the influence of a decrease in housing price, it would be unrealistic to suggest it is 

the decline in price itself that triggers the relocation decision. A more plausible explanation is that 

the decline in housing prices is symptomatic of a broader deterioration in living conditions in the 

area. The next estimation follows up on this line of inquiry.  
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3.3.2 Changes in socioeconomic conditions 

 

Table 3-3 Changing socioeconomic conditions as a predictor of relocation 

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

Socioeconomic condition - deterioration 1.419*** 1.227*** 1.518*** 1.368*** 

 (0.313) (0.327) (0.338) (0.349) 

Socioeconomic condition - improvement -0.211 -0.284 -0.155 -0.214 

  (0.299) (0.304) (0.304) (0.309) 

1(Female) -0.074 -0.181 0.109 0.028 

 (0.249) (0.257) (0.263) (0.270) 

1(Married) 0.158 0.138 0.063 0.068 

 (0.375) (0.381) (0.383) (0.390) 

1(Children) -0.917*** -0.822*** -0.933*** -0.830*** 

 (0.262) (0.270) (0.271) (0.278) 

Career stage (yrs) -0.038*** -0.025** -0.040*** -0.028** 

 (0.012) (0.013) (0.013) (0.014) 

1(Sole trader or partnership)  -0.172  -0.147 

  (0.253)  (0.257) 

1(One practice location only)  0.432*  0.295 

  (0.246)  (0.255) 

log(Education debt + 1)  0.101**  0.088* 

  (0.046)  (0.047) 

log(Business debt + 1)  -0.046  -0.036 

  (0.035)  (0.035) 

Practice or business liability (AUD)  -0.0001  -0.0001 

  (0.0001)  (0.0001) 

log(Consultation fee + 1)  0.072  0.073 

  (0.078)  (0.080) 

1(Australian university graduate)   0.161 0.181 

   (0.320) (0.325) 

1(Self-assessed social opportunities at work location is good)  -0.164 -0.211 

   (0.259) (0.264) 

1(Grew up in a rural area)   0.437* 0.433* 

   (0.258) (0.261) 

1(Likely to quit profession within five years)   0.580* 0.472 

   (0.324) (0.333) 

1(Wave 1 location is Non-metro)   0.994*** 0.907*** 

   (0.259) (0.264) 

Constant -1.273*** -1.570*** -1.948*** -2.189*** 

  (0.460) (0.564) (0.599) (0.673) 

Log Likelihood -263.275 -256.559 -250.921 -246.422 

Akaike Inf. Crit. 540.550 539.118 525.841 528.844 

Observations 1,050 1,050 1,050 1,050 

 

Notes: Dependent variable in columns (1) – (4) is the binary variable Δlocation across waves 1 to 5. Values enclosed in brackets 

are the standard errors. Interpretation of the coefficients is discussed below. *p<0.1, **p<0.05, ***p<0.01 
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Comparing Table 3-2 and Table 3-3, it is remarkable how closely the results from these two 

independent logistic regressions (including the results for the aforementioned control variables) 

mirror one another. For example, if the GP’s initial location is in a non-city area, he/she is more 

likely to relocate with odds ratio of 2.5 to 2.7 relative to a city area, slightly above the estimates 

from Table 3-2. In addition, from columns (3) and (4) in Table 3-3, if a GP has lived in a rural area 

as a youth, his/her likelihood of moving to another area type increases with an odds ratio of 1.5 (p 

< 0.1); however, given the binary outcome variable we cannot determine the direction of the 

movement (i.e. from a city to a non-city area or vice versa).  

 

Similar to a decline in property prices, the likelihood of relocation due to a deterioration in 

socioeconomic conditions is only marginally lower with odds ratio in the range of 3.9 to 4.6 

relative to no changes in socioeconomic conditions. This result offers a robust confirmation of the 

general hypothesis that a decline in the local area’s living standards (as captured by the 

complementary measures in median housing price or ABS’ SEIFA indexes) is a powerful driver 

of relocation considerations.  

 

3.3.3 Changes in household earnings 

 

In addition to the direct estimation approach in equation (1), an instrumental variable (IV) 

estimation approach is also employed for the third causal variable involving changes in household 

earnings.  
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3.3.3.1 Instrumental variable selection 

 

In order to circumvent the potential simultaneous determination of location change and household 

earnings, we require a variable that is correlated with household earnings but does not directly 

enter into equation (1). Since the volume of demand is a key determinant of a GP’s earnings and 

the age composition of the local population should play a role in shaping demand5, it follows that 

changes in the composition of age groups at the same postcode level can be a suitable instrument. 

In particular, relative to the youth and working-age age groups, we would expect the very young 

and the elderly to require more medical care on average. Therefore, to capture the changes in 

population composition, the IV used for this causal variable is constructed by accounting for the 

increases and/or decreases of individuals below 5 years old and above 65 years old within the local 

population (defined by postcodes) in percentage terms.  

 

An increase in the relative composition of these two age groups is expected to increase medical 

demand and, in turn, contribute to an increase in household earnings; and vice versa. It should, 

however, be noted that the Pearson correlation between changes in household earnings and 

changes in population composition is rather weak at 0.6 per cent.  

  

 
5 Given Australia’s publicly funded universal health care system, Medicare, that has been in operation for more than 

three decades, the relationship between disposable income and demand for medical care is not as strong as it would 

otherwise have been, particularly for GP consultations. 
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3.3.3.2 Instrumental variable estimation 

 

The IV estimation procedure is similar in nature to Two-stage least squares (2SLS). However, due 

to the nonlinearity of logistic regression, an alternative to 2SLS in the form of a Two-stage 

Residual Inclusion (2SRI) model is used instead. 

 

Following the procedure outlined in Terza (2016), the first stage of 2SRI regresses the instrumental 

variable against the endogenous variable, viz. 

 

Δcausal =  δΔinstrument + X′β + 휀𝐼𝑉… (2) 

 

The residuals from equation (2) are saved as 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠. 

 

The second stage estimates the original equation (1) with the added regressor 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠. Note 

that the set of control variables remain constant during both stages and the causal variable is left 

unaltered in equation (3). 

 

Δlocation =  αΔcausal + λResiduals + X′β + 휀2𝑆𝑅𝐼 … (3) 

 

In Table 3-4 below, the effects from a decline in household earnings is consistently estimated to 

result in odds ratios within the range of 3.2 to 4.0 at the 0.1 and 0.05 levels of significance from 

both direct and instrumental variable estimation approaches. A rise in household earnings is shown 

to have no statistically significant effect from direct estimations (columns (1), (3), (5) and (7)). 
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The 2SRI approach (columns (2), (4), (6) and (8)) does result in statistically significant estimates 

due to a rise in household earnings, however, the large negative magnitudes are such that their 

odds ratios are effectively the same as zero6. Overall, for each set of control variables, the results 

from the direct and IV approaches accord with one another in terms of the size of the effects. 

Furthermore, the different regressor combinations produce estimates consistent with one another 

in showing that a decline in household earnings raises the likelihood of relocation, whereas no 

effects are detected from an increase in household earnings. Finally, the qualitative effects from 

having children, progressing further in career and the location type of the initial workplace on 

relocation likelihood are the same as in Table 3-2 and Table 3-3.  

 

In addition, regressions are estimated for changes in salary as the causal variable of interest. We 

do not observe any statistically significant results. As previously mentioned, one possible reason 

is because the majority of our respondents has a partner/spouse, it is change in the aggregate 

household earnings that matter more; indeed, in cases where the respondent is the sole salary 

earner, then the estimations between changes in household earnings and individual salary become 

one and the same.  

 

3.3.4 Changes in working hours 

 

In addition to the direct estimation approach in equation (1), an IV estimation approach is also 

estimated for the fourth causal variable involving changes in working hours. Although working 

 
6 It is, however, worth noting the statistical significance helps to confirm the direction of causality from changes in 

household earnings to relocation decisions. 
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hours are positively correlated with household earnings7, it is selected as a separate causal variable 

to see if there may be a non-monetary component to work hours whose changes may affect 

relocation decisions. 

 

3.3.4.1 Instrumental variable selection 

 

Focusing on potential non-monetary incentives that affect working hours (to the extent the GP is 

able to lengthen or shorten his/her typical hours) that do not directly enter into the determination 

of relocation decisions, we select the variable denoting opportunities for professional development. 

The original survey question is “My opportunities for continuing medical education and 

professional development are ___”. The available responses are “0 = Very limited, 1 = Average, 

2 = Very good”. The rationale for this IV is that more opportunities for professional development 

(if taken up by the GP) should lead to a reduction in working hours as the GP substitutes patient 

consultation times for additional studies and training; further, if there are indeed more 

opportunities for professional development at the existing location, then this IV should not factor 

into relocation considerations. However, at the completion of such training or qualifications the 

GP may be more inclined to consider relocating to areas offering greater financial compensations 

or opportunities to utilise the newly attained skills. The Pearson correlation between changes in 

work hours and changes in professional development opportunities in the sample is -4.4 per cent. 

  

 
7 With a Pearson correlation of 1.3 per cent from the sample. 
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3.3.4.2 Instrumental variable estimation 

 

Similar to the IV estimations in Table 3-4, changes in working hours with the IV containing 

information on changes in professional development opportunities is estimated using 2SRI.  

 

From Table 3-5, we see the overall effects of changing working hours on relocation likelihood is 

tenuous at best. The IV estimates are, by and large, not statistically significant. And among the 

coefficients that points to an increasing likelihood of relocation (p < 0.1), there is a lack of 

robustness across the different sets of control variables.  
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Table 3-4 Changing household earnings as a predictor of relocation 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Household earnings - Decline 1.337** 1.312** 1.370** 1.231* 1.255** 1.220* 1.265** 1.155* 

 (0.620) (0.630) (0.624) (0.629) (0.627) (0.633) (0.625) (0.634) 

Household earnings - Rise 0.994 -63.889*** 0.936 -66.322*** 0.944 -65.999*** 0.853 -65.252*** 

 (0.618) (10.916) (0.622) (10.540) (0.625) (10.455) (0.625) (9.982) 

Residuals from first stage  27.525***       

  (4.629)       
Residuals from first stage    28.457***     

    (4.454)     
Residuals from first stage      28.375***   

      (4.428)   
Residuals from first stage        27.967*** 

                (4.216) 

1(Female) -0.016 -0.266 -0.165 -0.693** 0.190 -0.221 0.057 -0.660** 

 (0.244) (0.255) (0.254) (0.278) (0.256) (0.274) (0.266) (0.299) 

1(Married) 0.293 2.143*** 0.253 2.183*** 0.177 2.527*** 0.170 2.504*** 

 (0.367) (0.482) (0.373) (0.491) (0.373) (0.524) (0.381) (0.529) 

1(Children) -1.003*** -0.552** -0.868*** 0.076 -1.018*** -0.413 -0.863*** 0.170 

 (0.257) (0.271) (0.267) (0.310) (0.266) (0.287) (0.276) (0.324) 

Career stage (yrs) -0.047*** -0.292*** -0.031** -0.240*** -0.053*** -0.334*** -0.037*** -0.261*** 

 (0.012) (0.044) (0.012) (0.035) (0.013) (0.046) (0.014) (0.037) 

1(Sole trader or partnership)   -0.226 0.072   -0.207 -0.030 

   (0.251) (0.264)   (0.254) (0.265) 

1(One practice location only)   0.463* 0.506**   0.343 0.631** 

   (0.243) (0.254)   (0.251) (0.268) 

log(Education debt + 1)   0.118*** 0.878***   0.104** 0.873*** 

   (0.045) (0.129)   (0.046) (0.127) 

log(Business debt + 1)   -0.051 -0.007   -0.044 0.004 

   (0.035) (0.036)   (0.035) (0.037) 

Practice or business liability (AUD)   -0.0001 -0.001***   -0.0001 -0.0005*** 

   (0.0001) (0.0001)   (0.0001) (0.0001) 

log(Consultation fee + 1)   0.032 -0.140*   0.034 -0.151* 

   (0.075) (0.083)   (0.078) (0.085) 

1(Australian university graduate)     0.130 1.106*** 0.170 1.389*** 

     (0.319) (0.360) (0.327) (0.381) 

1(Self-assessed social opportunities at work location is good)    -0.210 -1.347*** -0.255 -1.251*** 
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     (0.253) (0.318) (0.259) (0.309) 

1(Grew up in a rural area)     0.341 1.830*** 0.340 1.845*** 

     (0.253) (0.358) (0.257) (0.361) 

1(Likely to quit profession within five years)     0.764** 1.457*** 0.619* 0.900*** 

     (0.321) (0.346) (0.331) (0.336) 

1(Wave 1 location is Non-metro)     0.902*** -1.946*** 0.793*** -1.935*** 

     (0.253) (0.501) (0.259) (0.475) 

Constant -2.084*** 34.693***  36.431***  35.888***  35.405*** 

  (0.718) (6.216)   (6.088)   (6.028)   (5.764) 

Log Likelihood -270.408 -254.867 -260.783 -240.656 -258.449 -239.625 -251.616 -229.329 

Akaike Inf. Crit. 554.816 525.735  509.311  505.251  496.657 

Observations 1,050 1,050 1,050 1,050 1,050 1,050 1,050 1,050 

 

Notes: Dependent variable in columns (1) – (8) is the binary variable Δlocation across waves 1 to 5. Column pairs of (1) and (2), (3) and (4), (5) and (6), and (7) and (8) contain 

the same set of control variables in which the lower numbered column in the pairings is estimated via a direct approach whereas the higher number columns is estimated using 

2SRI. Values enclosed in brackets are the standard errors. Interpretation of the coefficients is discussed in the main text. *p<0.1, **p<0.05, ***p<0.01 

  



50 

 

Table 3-5 Changing working hours as a predictor of relocation 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Working hours - Increase 0.798 0.792 0.846* 0.845* 0.570 0.577 0.638 0.645 

 (0.491) (0.492) (0.499) (0.501) (0.500) (0.501) (0.511) (0.513) 

Working hours - Decrease 0.924* -2.417 0.973* -2.156 0.742 -1.769 0.823 -1.400 

 (0.491) (3.822) (0.498) (3.929) (0.498) (3.710) (0.507) (3.837) 

Residuals from first stage  1.419  1.330  1.069  0.946 

    (1.610)   (1.657)   (1.565)   (1.619) 

1(Female) -0.017 0.065 -0.146 -0.052 0.194 0.274 0.076 0.160 

 (0.243) (0.261) (0.253) (0.279) (0.255) (0.281) (0.265) (0.301) 

1(Married) 0.218 0.150 0.197 0.128 0.161 0.100 0.157 0.098 

 (0.364) (0.373) (0.372) (0.382) (0.370) (0.381) (0.379) (0.393) 

1(Children) -0.981*** -0.707* -0.842*** -0.578 -1.013*** -0.789* -0.859*** -0.660 

 (0.258) (0.403) (0.268) (0.423) (0.268) (0.423) (0.277) (0.438) 

Career stage (yrs) -0.042*** -0.051*** -0.026** -0.034** -0.048*** -0.056*** -0.032** -0.039** 

 (0.012) (0.015) (0.012) (0.016) (0.013) (0.017) (0.014) (0.018) 

1(Sole trader or partnership)   -0.176 -0.152   -0.169 -0.151 

   (0.251) (0.252)   (0.253) (0.255) 

1(One practice location only)   0.497** 0.434*   0.378 0.330 

   (0.243) (0.255)   (0.250) (0.264) 

log(Education debt + 1)   0.117*** 0.130***   0.104** 0.110** 

   (0.045) (0.047)   (0.046) (0.047) 

log(Business debt + 1)   -0.047 -0.041   -0.040 -0.035 

   (0.034) (0.035)   (0.035) (0.036) 

Practice or business liability (AUD)   -0.0001 -0.0001   -0.0001 -0.0001 

   (0.0001) (0.0001)   (0.0001) (0.0001) 

log(Consultation fee + 1)   0.029 -0.005   0.035 0.016 

   (0.076) (0.086)   (0.078) (0.084) 

1(Australian university graduate)     0.199 0.061 0.220 0.099 

     (0.317) (0.375) (0.323) (0.383) 

1(Self-assessed social opportunities at work location is good)   -0.249 -0.312 -0.289 -0.334 

     (0.253) (0.270) (0.259) (0.270) 

1(Grew up in a rural area)     0.348 0.312 0.348 0.317 

     (0.252) (0.258) (0.256) (0.261) 

1(Likely to quit profession within five years)     0.742** 0.841** 0.597* 0.692* 

     (0.319) (0.351) (0.329) (0.368) 

1(Wave 1 location is Non-metro)     0.877*** 0.884*** 0.770*** 0.779*** 
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     (0.254) (0.254) (0.260) (0.261) 

Constant -1.842*** -0.300 -2.149*** -0.628 -2.206*** -0.886 -2.489*** -1.285 

  (0.617) (1.854) (0.706) (2.022) (0.716) (2.059) (0.786) (2.204) 

Log Likelihood -271.699 -271.334 -262.292 -261.987 -260.015 -259.792 -253.289 -253.124 

Akaike Inf. Crit. 557.397 558.667 550.585 551.973 544.030 545.585 542.577 544.248 

Observations 1,050 1,050 1,050 1,050 1,050 1,050 1,050 1,050 

 

Notes: Dependent variable in columns (1) – (8) is the binary variable Δlocation across waves 1 to 5. Column pairs of (1) and (2), (3) and (4), (5) and (6), and (7) and (8) contain 

the same set of control variables in which the lower numbered column in the pairings is estimated via a direct approach whereas the higher number columns is estimated using 

2SRI. Values enclosed in brackets are the standard errors. Interpretation of the coefficients is discussed in the main text. *p<0.1, **p<0.05, ***p<0.01 
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3.3.5 Changes in self-assessed job satisfaction score 

 

As can be seen from Table 3-6, changes in self-assessed job satisfaction scores exert no 

statistically significant influence on relocation likelihood for the possible reasons as proposed 

in the previous section.  
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Table 3-6 Changing job satisfaction scores as a predictor of relocation 

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

Self-assessed job satisfaction - Decline -0.114 -0.129 -0.106 -0.091 

 (0.351) (0.359) (0.357) (0.362) 

Self-assessed job satisfaction - Improvement 0.196 0.135 0.117 0.088 

  (0.286) (0.292) (0.296) (0.301) 

1(Female) -0.022 -0.152 0.187 0.071 

 (0.243) (0.253) (0.255) (0.265) 

1(Married) 0.218 0.192 0.142 0.138 

 (0.362) (0.370) (0.369) (0.379) 

1(Children) -0.945*** -0.819*** -0.976*** -0.829*** 

 (0.254) (0.264) (0.263) (0.272) 

Career stage (yrs) -0.044*** -0.028** -0.050*** -0.034** 

 (0.012) (0.012) (0.013) (0.014) 

1(Sole trader or partnership)  -0.190  -0.176 

  (0.250)  (0.253) 

1(One practice location only)  0.479**  0.353 

  (0.242)  (0.250) 

log(Education debt + 1)  0.116***  0.102** 

  (0.044)  (0.046) 

log(Business debt + 1)  -0.046  -0.039 

  (0.034)  (0.035) 

Practice or business liability (AUD)  -0.0001  -0.0001 

  (0.0001)  (0.0001) 

log(Consultation fee + 1)  0.033  0.036 

  (0.075)  (0.077) 

1(Australian university graduate)   0.191 0.218 

   (0.317) (0.324) 

1(Self-assessed social opportunities at work location is good)  -0.237 -0.271 

   (0.253) (0.258) 

1(Grew up in a rural area)   0.337 0.343 

   (0.252) (0.256) 

1(Likely to quit profession within five years)   0.745** 0.611* 

   (0.324) (0.335) 

1(Wave 1 location is Non-metro)   0.917*** 0.814*** 

   (0.253) (0.258) 

Constant -1.063** -1.303** -1.604*** -1.810*** 

  (0.439) (0.550) (0.572) (0.650) 

Log Likelihood -273.526 -264.436 -261.178 -254.770 

Akaike Inf. Crit. 561.053 554.871 546.357 545.541 

Observations 1,050 1,050 1,050 1,050 

 

Notes: Dependent variable in columns (1) – (4) is the binary variable Δlocation across waves 1 to 5. Values enclosed in 

brackets are the standard errors. Interpretation of the coefficients is discussed below. *p<0.1, **p<0.05, ***p<0.01 

 

Given the inherently subjective nature of self-assessed job satisfaction scores, it is difficult to 

find a suitable instrumental variable that would correlate with job satisfaction but not with 

relocation decisions – indeed, anything that would improve job satisfaction should 

automatically decrease the likelihood of moving to a different location. Nevertheless, the lack 
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of effects in the estimates obtained from a direct approach would indicate a change in self-

assessed job satisfaction scores is not a likely predictor of relocation decisions.  

 

3.4 Limitations 

 

The most important limitation in this study is related to the ‘scope’ of the outcome variable – 

instead of being restricted to examining relocations between location types, additional insights 

could be obtained if a more granular outcome variable defined as the distances between 

workplace addresses is available. As such, due to data restrictions, the relatively crude 

delineation in the outcome variable is likely to conceal otherwise ‘substantial’ relocation 

choices such as moving from one capital city to another capital city.  

 

In addition, the direction of relocation from a metro to non-metro region or vice versa is not 

captured. Future research may perhaps consider analysis on the relative likelihoods of moving 

to a different location type if one was to start from a non-metro region versus a metro region 

separately.  

 

3.5 Conclusion 

 

With the aim of addressing rural doctors shortage, the focus in many academic and policy 

discussions on Australian GPs’ location choices, mobility and retention rates is, in varying 

degrees, on discovering the key determinants among individual- and profession-specific 

characteristics in order to design tailored incentive packages.  
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This paper, however, demonstrates that despite the importance of personal and professional 

circumstances with respect to relocation, these changes are relatively less impactful as 

compared to changes in the local socioeconomic conditions or, in short, the general 

attractiveness of the area. The causal factors found to be most impactful are, in addition, not 

markedly unique to the medical profession and are under the normal purview of policy 

influences and initiatives. Our findings are consistent with O’Sullivan et al. (2017) and 

McGrail and Russell (2016) which find limited association between job satisfaction and 

location choice or mobility patterns. On the other hand, our interpretation that personal 

circumstances exert relatively weaker influences because of broader locational and 

socioeconomic considerations may not be wholly consistent with McGrail and Humphreys 

(2015)’s finding that there is no association between GP mobility and family status depending 

on the exact scope as defined in ‘family status’.  
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APPENDIX 

 

Outcome variable construction 

 

The outcome variable, Δlocation, is created in two parts. I first determine the location type 

during each wave and then find out if a location type from waves 2-5 differs from wave 1.  

 

Based on ABS’ Australian Standard Geographical Classification (ASGC), I first select the 

following variables ‘ASGC_workplace’, ‘ASGC_hospital’, ‘RRMA_workplace’ and 

‘ASGC_residence’. Because there is a large number of NULL cells in each of these variables, 

I create a temporary ‘ASGC_combined’ variable by populating it with the available data, in 

descending hierarchy, from ASGC_workplace, ASGC_hospital and ASGC_residence. This 

ASGC_combined variable is then combined with RRMA_workplace such that, for the final 

derived workplace variable, it equals to the value of ASGC_combined wherever the value in 

ASGC_combined is not NULL, otherwise the final derived workplace variable takes the values 

from RRMA_workplace (which are converted to be consistent with ASGC’s classification of 

“Major city”, “Inner regional” and “Outer regional”). The above steps are repeated for wave 1 

to 5, inclusive. Next, the workplace location for a given wave k (k>1) is calculated as follows: 

this variable equals to the derived workplace variable in wave k if there is a non-NULL value 

in the latter, otherwise it proceeds in descending order to the derived workplace variable in 

wave k-1, k-2, etc. until a non-NULL is reached. The idea is that if a respondent participated 

in, say, waves 4 and 5 and there is a location response in Wave 4 but not in 5, then we can 

reasonably believe that this respondent has not relocated in the intervening period. 
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The construction of the change in location proceeds as follows. First, each location type is 

converted to a numerical representation in 1 = city, 2 = regional, 3 = rural. Then for each pairing 

between wave 1 and a subsequent wave k, the determination of ‘no location change’, ‘towards 

rural’ and ‘towards city’ is calculated according to the following rules: 

 

• city[wave k] - city[wave 1]                  → 0 

• city[wave k] - regional[wave 1]           → -1  

• city[wave k] - rural[wave 1]                → -2  

• regional[wave k] - city[wave 1]           → 1  

• regional[wave k] - regional[wave 1]    → 0 

• regional[wave k] - rural[wave 1]         → -1  

• rural[wave k] - city[wave 1]                 → 2  

• rural[wave k] - regional[wave 1]          → 1  

• rural[wave k] - rural[wave 1]                → 0 

And {
= 0: no location change

< 0: towards rural

> 0: towards city

 

 

The binary version of the outcome variable is created by merging the categories ‘towards rural’ 

and ‘towards city’ into ‘changed location = 1’, against the reference categorical ‘no location 

change = 0’.  
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Chapter 4  – Gender Differences in Labour Supply in Australian 

Physicians 
 

4.1 Introduction  

 

As of 2019, the Australian labour market has a virtually equal composition of female and male 

workers across all major industries8. However, gender differences in pay persist primarily due 

to the pay gap amongst full-time employees such that the average female weekly earnings are 

20.8% lower than males with respect to total remuneration9, corresponding approximately to a 

difference of $17,000 in annual gross income10. A related study (KPMG 2019) cites factors 

such as care, family and workforce participation as contributing to almost 40% of the pay gap. 

 

In this study we depart from the standard approach – to be detailed in the following paragraphs 

– by instead focusing on the determinants of work hours. In particular, we contribute to the 

literature via a detailed examination of the asymmetric, gender-specific effects of age, marital 

status, parental status and medical specialisations on Australian physicians’ intensive margin 

of labour supply. 

 

We build on existing literature’s finding that physicians do not substantially adjust their labour 

supply in response to changes in remuneration, unlike workers in other occupations, and 

 
8 See worksheet “Employee movements” in Workplace Gender Equality Agency (2019) [Accessed 16 

December 2019]. 

9 See worksheet “Gender pay gaps” in Workplace Gender Equality Agency (2019) [Accessed 16 December 

2019]. 

10 Calculated based on the May 2019 earnings figures from Australian Bureau of Statistics (2019). 



61 

 

accordingly relegate the earnings variable to be one of the control variables as opposed to a 

main variable of interest. We then depart from the treatment of endogeneity between earnings 

and work hours which relies on external instruments (Cheng et al. 2012, 1303) or sensitivity 

testing while assuming exogeneity (Schurer et al. 2016, 395). We instead address the issue of 

simultaneous determination by using instruments created from other explanatory variables 

based on the Hausman-Taylor estimator which bypasses the requirement of strong exclusion 

restrictions. 

 

Our study provides more granular findings on the effects of marriage and parental 

responsibilities upon the gender gap in work hours and on the differences between 

specialisations. We find evidence of compositional difference of 5 hours between female and 

male GPs and a widening of the gender gap to 8 hours when parental responsibilities are present 

such that female GPs are estimated to work one standard workday fewer than male GPs. For 

internal specialists, there is no compositional difference but the gender gap similarly extends 

to 8 hours per week as resultant from parental status. Therefore, female internists are also 

estimated to work about one day fewer than male internists on average. The gender gap is 

smallest for surgeons at 3 hours per week. There is no compositional difference and, 

significantly, the gender gap is not due to a reduction in hours by female surgeons but rather 

because male surgeons increase their labour supply when dependent children are present. Our 

results for specialists not classified as internal of surgical are similar to GPs in that there is 

evidence of a compositional gender gap of about -4 hours. And it widens to -7 hours when 

parental duties are present.  
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Achieving a better understanding of factors that contribute to the gender labour supply gap is 

of policy relevance because first, as shown in existing literature, work hours is the most 

important factor in explaining the gender pay gap. Second, similar to the discussion in Cheng 

et al. (2012, 1313), as the proportion of female doctors continues to grow, the scaling back of 

work hours by female doctors due to family responsibilities would have wider implications for 

the Australian healthcare system. 

 

4.2 Related Literature  

 

In explaining the gender pay gap, a large literature advances the explanation that a meaningful 

portion of the gap is due to asymmetrical parental responsibilities in the form of a motherhood 

wage penalty. Waldfogel (1997) finds that having children still exerts a “wage penalty” on 

mothers relative to females with no children even after controlling for work experiences and/or 

part-time status. Gregg et al. (2007) highlights the importance of mothers selecting part-time 

work in explaining why increasing female employment has not historically being accompanied 

by an equivalent growth in female earnings. 

 

Although there is broad consensus with regard to the motherhood wage penalty in certain 

European countries and the United States (for additional examples, see Avellar and Smock 

(2003), Halldén, Levanon, and Kricheli-Katz (2016), Gough and Noonan (2013) and Petersen, 

Penner, and Høgsnes (2010)), comparatively fewer studies have been conducted using 

Australian data. Further, amongst the Australian studies, the results have been inconsistent. 

 

For example, using survey data from some 800 married and employed men and women in 

1986, Baxter (1992, 231) finds the relationship between the household and paid labour is both 
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qualitatively and quantitatively different for men and women. Specifically, Baxter (1992, 242–

43) estimates each additional child to exert a negative 4.8% impact on female earnings but has 

no statistically significant effects on male earnings. Similarly, Livermore, Rodgers and 

Siminski (2011) uses a human capital framework with panel data from the Household, Income 

and Labour Dynamics in Australia survey (waves 1- 8) and finds a motherhood wage penalty 

of approximately 5% for one child and increasing to 9% for two or more children (Livermore, 

Rodgers, and Siminski 2011, 88). The authors further demonstrate the motherhood wage 

penalty to materialise through a reduction in the rate of wage growth after having children, 

rather than an immediate penalty for motherhood (Livermore, Rodgers, and Siminski 2011, 

89). 

 

On the other hand, Krepp (2007, 23), using the first four waves from the aforementioned 

Household, Income and Labour Dynamics in Australia survey, finds that the magnitude and 

statistical significance of the motherhood wage penalty effectively disappear with the inclusion 

of variables that capture differences in education, occupation and work experiences. Krepp 

(2007)’s finding is in agreement with Whitehouse (2002, 390) who likewise does not detect a 

motherhood wage penalty from Australian data.  

 

The relative scarcity of results in the Australian context as well as their lack of consensus point 

to the need for additional researches, particularly against the backdrop of an increasing number 

of female medical students in Australian medical schools. 

 

The theoretical foundation can be found in Becker (1993) whose analysis on the division of 

labour within a nuclear family describes how each spouse ends up specialising in household or 

market productions as a result of labour market circumstances as well as their respective 
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comparative advantages. That is, the commonplace arrangements observed in nuclear families 

in which females attend to childbearing and rearing duties while males work for wages can be 

explained via females’ comparative advantages in domestic tasks resultant perhaps from 

differences in human capital investments and/or gender-based discrimination in market 

activities. These arrangements would, in turn, explain the observed gender gaps in labour 

supply and earnings. 

 

In Australia and other advanced economies, medicine is one of the highest paid11 and most 

competitive and skills-demanding12 professions. We therefore first expect, based on Becker 

(1993)’s theory, that medical practitioners have a comparative advantage in market production 

relative to their spouses in most instances owing to their greater human capital investments and 

accumulation. Second, as half of all commencing students are female (Department of Health 

and Medical Training Review Panel (Australia) 2016, 12) and given the growing representation 

of female physicians, including an increase from 16% to 31% in female specialists between 

1997 and 2016 (Australian Institute of Health and Welfare 2018, 65–67), we further infer that 

 
11 Medical specialities dominate the top ten highest paid professions in the United States (Hong 2019; Connley 

2018) and Australia (Jager 2019). 

12 Although Australian medical schools do not publish their acceptance rates, admission is well-known to be 

extremely competitive. For example, the University of New South Wales’ undergraduate Medicine program 

typically attracts more than 3500 applicants competing for less than 200 places. The average successful 

applicant would have the highest academic rank in their high school graduating exams, in addition to 

successfully passing an interview and a medicine-specific entrance exam (UNSW Medicine 2019). Two of 

Australia’s top medical schools, the University of Sydney and the University of Melbourne, are postgraduate 

degrees with arguably more rigorous admission requirements (Crimson Education 2017). This of course only 

marks the start of a long training processes from medical school to internship, residency, fellowship and so on 

(Australian Medical Association 2018). 
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gender is not an entry barrier to the profession in Australia in recent decades and systemic 

gender discrimination in hiring or promotion is unlikely. As such, it is perhaps surprising that 

a gender pay gap amongst Australian physicians continues to be reported (Australian Medical 

Association (NSW) 2018; Efrat 2017; Lewin 2019; Smith 2018; 2019). We hypothesise female 

physicians’ time away from work and the decision to work fewer hours – both due to the 

presence of children – explains a significant portion of the gender pay gap.  

 

According to the Australian Institute of Health and Welfare (2016), the average weekly hours 

for male medical practitioners are 44.9 hours and 38.6 hours for female medical practitioners. 

Notably, the age profile between the sexes shows the proportion of male doctors with more 

than 50 hours per week is twice that of female doctors (35% versus 19.6%). And this pattern 

is reversed at fewer than 35 hours per week where female vastly outnumbers male doctors. 

 

In international contexts, Miao et al. (2017) finds males work longer hours per week and 

undertake more night shifts each month than females on average among Chinese doctors. Grant 

et al. (1990) finds early-career US physicians with no children exhibit no gender differences. 

In contrast, fathers work similar hours to doctors with no children but mothers practiced 

substantially fewer hours. Gjerberg (2003) examines Norwegian doctors and finds female 

doctors are comparatively more affected by family responsibilities but there are variations 

according to different specialities – namely, less work-life balance is afforded to female doctors 

in hospital-based specialities. Wang and Sweetman (2013) finds no gender labour supply 

difference among Canadian doctors once family status and demographics are accounted but do 

highlight findings such as the similarity in work hours for unmarried female and male doctors 



66 

 

with no children, marriage’s declining effect and motherhood’s increasing effect for female 

doctors.  

 

Medicine in Australia: Balancing Employment and Life (MABEL) is a large longitudinal 

survey of Australian doctors that is unique in its scope and detail. We focus on the following 

MABEL studies on gender pay gap. Cheng et al. (2012) examines the determinants of earnings 

for GPs and specialists as well as the determinants of the earnings difference between these 

doctor types using the 2008 wave of MABEL. For both GPs and specialists, it finds higher 

earnings are associated with male physicians, self-employed status and after-hours/on-call 

work. For GPs only, physicians who work in larger practices, in outer regional/rural areas or 

areas with lower GP density have higher earnings. For specialists only, factors correlated with 

higher earnings include more work experiences, more time in clinical work and seeing fewer 

complex patients (as judged by the physicians themselves). Finally, the authors estimate the 

earnings for female GPs and specialists to be 17-23% lower than their male counterparts 

(Cheng et al. 2012, 1313). 

 

Schurer et al. (2016) uses the first four waves from MABEL. It proceeds from the finding in 

Cheng et al. (2012) on the lower average earnings of female GPs as compared to male GPs and 

explains this gap as resultant from the division of labour between men and women in managing 

family responsibilities. In particular, the authors describe the tendency for female GPs to 

reduce their work supply following child birth as “carer effect” and the contrasting tendency 

of male GPs with children to increase their labour supply and productivity as “breadwinner 

effect” – the study concludes the reduction in working hours by female GPs as the most 

important factor in explaining the gender wage gap (Schurer et al. 2016, 402).  
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Kalb et al. (2018), depending on its analysis, uses the first or the first four waves from MABEL 

to estimate wage elasticity. Although wage increases result in heterogeneous labour supply 

responses, the authors find an overall small negative wage elasticity for GPs and specialists of 

both sexes. They hypothesize this is due to the high income and long working hours nature of 

the profession such that most Australian doctors are situated at the backward bending parts of 

their labour supply curves (Kalb et al. 2018, e111, e117). Furthermore, the study estimates that 

having young children leads to the largest reduction in working hours for female GPs, followed 

by female specialists and then male GPs – specifically, A female GP with a child below 4 years 

old is estimated to work 11.52 fewer hours as compared to a female GP with no children below 

the age of 16 (Kalb et al. 2018, e110). 

 

Synthesizing the above studies, we find a few overlapping findings: first and most importantly, 

although operating within a context not beholden to traditional factors of lower female 

education attainment and smaller earnings or earnings potential (Becker 2016; Blau 2016), a 

clear gender wage gap exists in the Australian medical profession. Second, most of this gap 

can be explained via observable reduction in work hours by female physicians, primarily due 

to dependent children. Additional pertinent ‘stylized facts’ include: given its high-income and 

long-hours nature, an increase in remuneration is more likely to lead to reductions in work 

hours; that there are systemic differences between specialisations – for example, medical 

students preferring or anticipating a comparatively more flexible future work schedule may be 

more likely to self-select into general practice as opposed to a hospital-based speciality.  
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We use all ten currently available waves of MABEL data and our regression specifications are 

designed to clearly distinguish between differences in compositions and differences in effects 

as pertains to gender’s impact on work hours. To our knowledge, with the exception of Wang 

and Sweetman (2013, 19), no other recent related study encompasses a set of gender-based 

interaction terms. 

 

4.3 Data 

 

We use waves 1 to 10, inclusive, of the data from Medicine in Australia: Balancing 

Employment and Life (MABEL). MABEL is a panel survey of Australian medical practitioners 

created by the Melbourne Institute of Applied Economic and Social Research at the University 

of Melbourne to facilitate and promote researches into the Australian medical labour market 

including its composition, trends in labour supply, work-life balance issues and effects from 

policy changes (The University of Melbourne 2018). The data has a large sample size and its 

respondents are representative of the wider Australian medical community with respect to age, 

location, doctor type and other attributes (Szawlowski et al. 2019, 6). Its quality assurance 

procedures, remedies against panel attribution and the uniqueness of its questionnaire on the 

physicians’ personal and family characteristics, labour supply and speciality choices 

(Szawlowski et al. 2019, 36–50) render MABEL particularly suitable to our study on female 

physicians’ labour supply. 

 

The ten waves cover the years from 2008 to 2017. In the full sample for general practitioners, 

the main gender variable contains more than 6,500 doctors and close to 30,000 person-year 
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observations. In the full sample for specialists, the main gender variable also contains more 

than 6,500 doctors with more than 33,000 person-year observations.  

 

We use the full sample for all estimations instead of a balanced sample consisting only of 

physicians who participated in all waves. This is because over a ten-year period the age 

compositions within the smaller balanced sample become disproportionately represented by 

older physicians, rendering the ratio between younger and older age cohorts no longer 

reflective of the compositions observed in the broader profession. This would lead to 

distortions in our estimations as the older age cohort is less likely to have dependent children.  

 

The main outcome variable is the total work hours during a typical week (overall workload). 

It is derived from responses to typical weekly working hours by settings and by activities – we 

take the average in instances of minor discrepancies and remove evidently erroneous values 

(for example, negative values or exceeding 168 hours). A second outcome variable on total 

hours from direct patient care activities (direct patient care) during a typical week is included 

to test for gender differences in clinical workload only. The main variable of interest is the 

gender variable (1(female)) whose causal effect on overall weekly workload is this study’s 

focus. 
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Table 4-1 Part-time and full-time statuses 

Panel A: General practitioners 

 10 or fewer hours More than 10 hours 

Male 604 14,465 

Female 1,021 13,529 

 Less than 38 hours 38 or more hours 

Male 4,514 10,555 

Female 9,671 4,879 

Panel B: Specialists 

 10 or fewer hours More than 10 hours 

Male 1,204 21,922 

Female 564 9,935 

 Less than 38 hours 38 or more hours 

Male 5,359 17,767 

Female 5,243 5,256 

 

Source: MABEL waves 1 to 10, inclusive.  

Note: Table reports the number of physician-years for each employment category. Note that a given physician may switch 

between part-time and full-time arrangement multiple times during the survey period. 

 

Table 4-1 provides preliminary insights into the gender differences in part-time status. 7% of 

female GPs as compared to 4% of male GPs work 10 or fewer hours per week, but no 

percentage difference exists for specialists at the 10-hour threshold. Part-time status in 

Australian is defined as working fewer than 38 hours per week13. 66% of female GPs in our 

data work on a part-time basis, which is more than twice that of male GPs at 30%. And 50% 

of female specialists work part-time as compared to 23% of male specialists. 

 

The other regressors are grouped into, first, essential respondent characteristics including 

binary variables on marital status, parent to at least one dependent child, age at or above 45 

 
13 The threshold for part-time work is set at 38 hours per week according to Fair Work Ombudsman (2019). 



71 

 

years old14 and interaction terms between these variables and 1(female). We further include 

potentially relevant personal details such as binary variables on whether the participant 

completed basic medical degree in Australia, grew up in a rural area prior to university, her 

citizenship status, whether she has taken less than four weeks of holiday leave and up to ten 

days of sick leaves in the past year. Selective exclusion of these variables serves to test the 

robustness of the main estimated coefficient of interest. 

 

The most important financial variable is the (log-transformed) annual gross earnings. Where 

possible, non-responses are filled in by summing component sources (Szawlowski et al. 2019, 

115). However, more than 13% and 15% of earnings values are still missing for GPs and 

specialists, respectively. Other financial variables include indicator variables on whether the 

physician receives any non-medical earnings, receives work-related benefits or subsidies, if 

she has incurred liabilities, or has any debt from her education and/or practice. For GPs, we 

ask if she is a principal or partner at her practice. For specialists, we ask if she owns a private 

practice and her payment structures (fee-for-service, fixed payment, salary with or without 

rights to private practice). 

 

We also include self-assessed job satisfaction measures such as binary variables indicating 

whether the practitioner wishes to increase or decrease her current hours (the reference level is 

 
14 This is chosen to demarcate a threshold for age-bearing age – it is the same value as used in Schurer et al. 

(2016, 404). The binary form also allows for more parsimonious interaction terms as compared to the original 

categorical age group variables. 
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desiring no change to current workload), job satisfaction assessments15 on overall satisfaction, 

satisfaction with remuneration, responsibilities, work hours and other factors.  

 

For specialists, we take into account the number of locations that he/she practices. For both 

doctor types, if she practices in a District of Workforce Shortage (DWS) (Department of Health 

2019), in a metro or non-metro location and if the doctor has on-call work. 

 

In addition, year indicators are included in all regressions. We also include the percentages of 

population under the age 5 and above 65 in the same postcode as one’s primary workplace and 

the Socio-Economic Indexes for Areas (SEIFA 1-4) sourced from 2011 census data (Australian 

Bureau of Statistics 2018; Szawlowski et al. 2019, 96). The socioeconomic variables have a 

limitation as they are cross-sectional data and their selective exclusion serve to test the 

robustness of the main estimated coefficient of interest. 

 

Finally, for specialists we classify MABEL’s detailed list of sub-specialties into Internal, 

Surgical and other specialisations to achieve a suitable balance between data granularity and 

amenability for statistical modelling by grouping physicians who are likely to share similar 

professional characteristics. Our classification is based on Medical Board of Australia (2018), 

American College of Surgeons (2018) and American College of Physicians (2019). 

  

 
15 Based on the Warr-Cook-Wall Job Satisfaction Scale, see Szawlowski et al.(2019, 12) 
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Table 4-2 Classification into Internal, Surgical and other specialisations 

Internal specialisation Surgical specialisation other specialisations 

Cardiology General surgery Anaesthesia 

Endocrinology Orthopaedic surgery Emergency medicine 

Gastroenterology and hepatology Otolaryngology Intensive care medicine 

General medicine Plastic surgery Palliative Medicine 

Geriatric medicine Urology Pathology 

Infectious diseases Obstetrics and gynaecology Radiation oncology 

Medical oncology Ophthalmology Rehabilitation medicine 

Neurology Surgery - others Other specialties, incl. Addiction Medicine,  

Nephrology  Medical Administration, Pain Medicine,  

Rheumatology  Public Health Medicine,  

Respiratory and sleep medicine  Sexual Health Medicine,  

Dermatology  and Sport and Exercise Medicine 

Paediatrics and Child Health  and others 

Psychiatry   

Radiology   

Internal Medicine - others     

 

4.4 Descriptive Statistics  

 

Table 4-3 presents basic summary statistics for selected variables across the doctor types. GPs’ 

average weekly workload is slightly below 40 hours whereas all three specialist types are just 

above it. However, with one standard deviation at about 16 hours – which corresponds to 40% 

of mean or two average workdays – for all doctor types, we can see there is large variability 

between physicians.  
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Table 4-3 Basic summary statistics 

Panel A: General Practitioners N Mean SD Min Max 

weekly work hour - overall 29,619 36.70 15.68 0 168 

weekly work hour - direct patient care 28,490 29.85 13.98 0 160 

1(female) 29,619 0.49 0.50 0 1 

1(age >= 45) 28,913 0.69 0.46 0 1 

1(married) 28,860 0.87 0.34 0 1 

1(parent) 28,591 0.61 0.49 0 1 

1(would like to increase hours) 28,908 0.03 0.18 0 1 

1(would like to decrease hours) 28,842 0.41 0.49 0 1 

natural log of annual income 25,551 11.94 0.76 0 14.44 

1(principal/partner at practice) 28,847 0.27 0.44 0 1 

1(on-call) 28,662 0.40 0.49 0 1 

Panel B: Internists      

weekly work hour - overall 12,439 40.82 16.17 0 168 

weekly work hour - direct patient care 12,180 23.20 14.12 0 84 

1(female) 12,439 0.35 0.48 0 1 

1(age >= 45) 12,248 0.76 0.43 0 1 

1(married) 12,099 0.88 0.32 0 1 

1(parent) 12,035 0.63 0.48 0 1 

natural log of annual income 10,603 12.41 0.74 0 14.81 

1(private practice) 11,953 0.67 0.47 0 1 

1(payment: fee-for-service) 11,084 0.18 0.39 0 1 

1(payment: fixed payment) 11,101 0.18 0.38 0 1 

1(payment: salary with rights to private practice) 11,105 0.20 0.40 0 1 

1(payment: salary without rights to private practice) 11,094 0.38 0.49 0 1 

1(on-call) 12,036 0.75 0.43 0 1 

practice locations 11,850 2.25 1.52 1 8 

Panel C: Surgeons      

weekly work hour - overall 6,115 43.67 16.71 0 168 

weekly work hour - direct patient care 5,957 32.44 14.75 0 168 

1(female) 6,115 0.22 0.42 0 1 

1(age >= 45) 6,045 0.78 0.41 0 1 

1(married) 5,940 0.89 0.31 0 1 

1(parent) 5,920 0.64 0.48 0 1 

natural log of annual income 5,126 12.89 0.91 0 14.86 

1(private practice) 5,882 0.86 0.35 0 1 

1(payment: fee-for-service) 5,769 0.50 0.50 0 1 

1(payment: fixed payment) 5,782 0.22 0.42 0 1 

1(payment: salary with rights to private practice) 5,784 0.07 0.26 0 1 

1(payment: salary without rights to private practice) 5,784 0.17 0.37 0 1 

1(on-call) 5,940 0.79 0.41 0 1 

practice locations 5,822 2.46 1.54 1 8 

Panel D: Other specialists      
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weekly work hour - overall 10,249 41.07 14.91 0 127 

weekly work hour - direct patient care 10,022 26.67 15.48 0 86 

1(female) 10,249 0.34 0.47 0 1 

1(age >= 45) 10,104 0.74 0.44 0 1 

1(married) 9,932 0.88 0.33 0 1 

1(parent) 9,893 0.67 0.47 0 1 

natural log of annual income 8,928 12.67 0.63 0 14.81 

1(private practice) 9,813 0.64 0.48 0 1 

1(payment: fee-for-service) 9,464 0.24 0.43 0 1 

1(payment: fixed payment) 9,468 0.10 0.30 0 1 

1(payment: salary with rights to private practice) 9,461 0.28 0.45 0 1 

1(payment: salary without rights to private practice) 9,450 0.34 0.47 0 1 

1(on-call) 9,896 0.82 0.38 0 1 

practice locations 9,736 2.72 2.01 1 8 

 

The ratio of female-to-male doctors in our sample is about 50-50 for GPs. It declines to about 

35-65 for internists and 22-78 for surgeons. These ratios are consistent with the Australian 

medical profession’s overall gender composition (Australian Institute of Health and Welfare 

2016). Close to 90% of all doctors are married and 70% of GPs and 74% or more of specialists 

are at or above 45 years old. Lastly, more than 60% of GPs and 63% of specialists are parent 

to at least one dependent child. 
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Table 4-4 Second level summary statistics 

    General practitioners Internal specialists Surgical specialists Other specialists 

Female 
Mean 31.1 35.9 44.4 35.2 

SD 14.2 15.4 17.1 14.9 

Male 
Mean 42.1 43.5 41.2 44.1 

SD 15.1 16 14.9 14 

Married 
Mean 36.8 41.5 44.5 41.7 

SD 15.4 15.6 16.1 14.1 

Single 
Mean 38.3 40.8 43.2 41.4 

SD 14.9 14.8 14.6 14.2 

Parent to at least 1 

dependent child 

Mean 36.9 42.3 47.2 42.3 

SD 15.4 14.8 14.3 13.5 

No dependent child 
Mean 37.2 40 39.4 40.6 

SD 15.3 16.5 17.4 15.1 

At or above 45 yrs old 
Mean 38.1 41.4 43.7 41.6 

SD 15.6 16.4 17.3 15.2 

Below 45 yrs old 
Mean 33.8 39.7 44.7 40.1 

SD 15.1 14.7 13.1 13.5 

 

Table 4-4 presents the overall weekly workload (hours) disaggregated by combinations of 

gender, age cohort, marital and parenthood statuses with doctor types. Most noticeable are the 

higher work hours for male as compared to female doctors across all types other than the 

surgical specialisation – the male-female work hours differences are approximately 11 hours, 

8 hours, negative 3 hours and 9 hours for GPs, internists, surgeons and other specialists, 

respectively. Differences in marital statuses and age cohorts do not, on the other hand, present 

markedly contrasting work hours with the possible exception in 4 fewer hours per week for 

GPs in the younger age cohort.  

 

Intriguing patterns emerge in parental status: for GPs, internists and other specialists, parental 

status by itself does not meaningfully affect work hours. For surgeons, however, having at least 

one dependent child is associated with 8 additional hours per week, or about one extra 
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workday, as compared to surgeons without dependent children. Given the greater proportion 

of male surgeons, this may indicate the “breadwinner effect” in action as propounded by 

Schurer et al. (2016) – this also suggests the need to interact gender with parental status which 

we present in the following table. 

 

Table 4-5 Third level summary statistics 

    General practitioners Internal specialists Surgical specialists Other specialists 

    Female Male Female Male Female Male Female Male 

Married 
Mean 30.3 42.6 35.2 44.4 40.8 45.5 34.5 44.9 

SD 13.9 14.3 15 15 14.9 16.2 14.2 12.9 

Single 
Mean 36 42.1 39.6 43.2 43.4 43.2 39.4 44.4 

SD 13.7 15.9 15.2 13.7 14.1 14.9 14.6 12.9 

Parent 
Mean 29.4 45.5 34.3 47.5 40 49.7 33.6 46.3 

SD 13.7 12.4 14.5 12.4 14.2 13.5 13.5 11.5 

Childless 
Mean 34.9 38.8 40.2 40 45.3 38.3 39 41.6 

SD 14 16 15.8 16.8 15.9 17.5 15.3 14.9 

< 45 
Mean 28.6 43 33.8 45.8 38.2 48.9 33.7 45 

SD 14 12.4 15 11.7 13.4 11.1 13.7 11 

>= 45 
Mean 32.7 42.2 37.2 43.2 43 43.9 36.2 44 

SD 14 15.5 15.4 16.5 15.6 17.7 15.2 14.6 

 

Table 4-5 extends the summary statistics with three-way interactions between age, marital16 

and parental statuses with gender and doctor types, allowing us to discern both between- and 

within-gender differences.  

 

 
16 Doctors whose partners are also doctors form an interesting addition to the analyses. We find female doctors 

with children in this group exhibit an even larger drop in work hours, and correspondingly, there are higher 

increases in labour supply for male doctors. However, given the paucity of data at less than 5 per cent of the 

sample, we drop this variable from further consideration. 
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Male GPs work longer hours than female GPs in all categories in which the smallest between-

gender difference at 4 hours belong to GPs with no dependent children and the largest 

difference of more than 16 hours for those with parental duties. A similar pattern between age 

cohorts likely suggests the presence of dependent children for the younger group. The between-

gender differences of 12 hours and 6 hours for married and single GPs, respectively, provides 

preliminary evidence of compositional gender differences in GPs’ labour supply. Male GPs 

have negligible within-differences in marital status and age cohorts. However, male GPs with 

children work about 7 hours more than male GPs with no parental responsibilities. In contrast, 

female GPs who are unmarried, without dependent children or belong to the older age cohort 

work 4 to 5 hours more than their comparison female GP categories.  

 

Internists and other specialists are similar in their between- and within- gender labour supply 

differences. For between-differences, male physicians in these two groups either work nearly 

identical or longer hours than their female counterparts with the largest difference at 13 hours 

due to parental status. For within-differences, there is evidence supporting Schurer et 

al.(2016)’s “carer effect” and “breadwinner effect” for female and male physicians, 

respectively – the “carer effect” ranges from 5 to 6 fewer hours for females with dependent 

children and the “breadwinner effect” is about 8 hours for male internists and about 5 hours for 

other male specialists with dependent children.  

 

The surgical specialisation exhibits certain patterns distinct from other doctor types. First, there 

is no between-gender differences in the older age cohort or among unmarried surgeons, 

suggesting an absence of compositional gender difference. Second, singularly, while the 

between-differences associated with marital and parental statuses are qualitatively similar to 
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other doctor types at 5 and almost 10 additional hours for male surgeons, respectively; for 

surgeons with no dependent children, however, males work 7 hours fewer than females. The 

within-differences for surgeons are not unlike other doctor types in which female surgeons who 

are unmarried, has no parental duties or aged 45 or above work longer hours than their 

comparison female surgeons. Male surgeons belong to the older cohort work 5 hours fewer 

than younger male surgeons and those with parental responsibilities work more than 11 hours 

longer per week than male surgeons with no dependent children.  

 

Across all doctor types, these observations suggest it is commonly mothers who scale back 

their work commitments in families with dependent children. This is in keeping with the norm 

in most households and is arguably an unanticipated finding: in households where the mother 

is a physician, we would have expected most child caring duties to be delegated to the father 

or externally so as to minimise the impact parenthood has on her career. It is worth reiterating 

that, in what is the sole exception across all gender comparisons in Table 6, female surgeons 

with no dependent children work longer hours on average than comparable male surgeons. As 

female surgeons typically have longer hours than other female physicians17, one explanation 

could be that a sizable number of female surgeons consciously choose to delay or forego having 

children for the sake of their careers.  

 

 
17 The breakdown of average weekly work hours for females and males by doctor types in our sample: 

1. General practice  Female: 31 hours  Male: 42 hours 

2. Internal specialisations Female: 36 hours  Male: 43 hrs 

3. Surgical specialisations Female: 41 hrs  Male: 44 hrs 

4. Other specialisations  Female: 35 hrs  Male: 44 hours 
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It may be instructive to present the summary statistics via more complex combinatorial 

arrangements such as female-married-parent-above 45 (for example, are the higher workload 

for female surgeons with no dependent children primarily driven by unmarried, younger 

physicians or married, older physicians?). We will, however, assign such analysis to more 

rigorous statistical estimations in the following section. 

 

4.5 Estimation 

 

We assume the causal direction from gender to workload as self-evident. We also assume there 

exists time-invariant individual characteristics – for example, a physician’s entrepreneurial 

drive to establish her own practice – that are not captured by the survey questionnaire but which 

would affect workload.  

 

Therefore, to estimate the effects of gender on labour supply’s intensive margin, the 

identification strategy rests on the following two approaches. First, fixed effects style 

modelling to remove the aforementioned time-invariant source of endogeneity. This relies on 

the data’s panel structure such that each physician effectively acts as her own control over time 

(Allison 2009). Second, potential omitted variable bias stemming from time-varying effects 

are reduced by the inclusion of pertinent control variables. In our regressions we selectively 

include and exclude less essential control variables to test the robustness of our results.  

 

However, since the gender variable is time-invariant, a fixed effects model (using the within 

estimator, for example) would remove it from estimation altogether. The requirement of a fixed 
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effects approach juxtaposed with its inability to estimate the variable of interest leads us 

naturally to the application of the Hausman-Taylor estimator  (Hausman and Taylor 1981). 

 

The Hausman-Taylor estimator requires two key assumptions: The first has been stated above 

and is the standard formulation in most panel data econometrics18 in that it assumes the 

unobserved individual effects (𝜇𝑖) is time-invariant19 and the unobserved time-varying random 

component provides no information, on average, once we account for the regressors and 𝜇𝑖. 

 

The second assumption, unique to Hausman-Taylor, is that certain time-varying exogenous 

variables exist that are not correlated with 𝜇𝑖 (Hausman and Taylor 1981, 1378). When 

satisfied, this leads to consistent estimates that are more efficient than within estimators 

because the exogenous, time-varying variables serve the dual functions of estimating their own 

coefficients and as instruments to time-invariant endogenous variables. A necessary condition 

for identification is that there are at least as many time-varying exogenous variables as time-

invariant endogenous variables (Hausman and Taylor 1981, 1383). 

 

It should be noted, as the following sub-section delineates each variable’s exogeneity or 

endogeneity, this study is argubly is less sensitive to potential misspecification in the Hausman-

Taylor framework because the main variable of interest, 1(female), is an exogenoues time-

invariant variable requiring no instruments for its coefficient estimation. 

 

 
18 For departures from this standard set-up, see for example, Freyaldenhoven et al.(2019).  

19 In the above example, one’s entrepreneurial drive does not wane or surge over time. 
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4.3.1 Exogeneous and endogenous regressors  

 

Whereas the classification of time-varying and time-invariant variables is straightforward, the 

distinction between exogenous and endogenous variables must be made on the basis of theory, 

prior research and appeals to intuition. As the outcome variable is a measure of typical weekly 

workload, virtually every regressor with explanatory potential can be construed to correlate in 

some way with the unobserved individual random effects. Besides entrepreneurial drive, 𝜇𝑖 

may include professional competence, enthusiasm for one’s job, ambition to increase earnings 

and to achieve higher recognitions in the profession. To illustrate: greater professional 

competency may entail greater responsibilities whereas a less skilled physician may need to 

spend more time on a similar problem – both scenarios, however, could culminate in longer 

work hours. Greater enthusiasm and ambition, on the other hand, should increase work hours 

without ambiguity.  

 

In addition to ‘hidden’ sources of endogeneity from omitted variable bias or unobserved 

heterogeneity, measured traits such as subjective assessments of job satisfaction may still 

exhibit endogeneity via self-selection and simultaneity or reverse causation bias. For example, 

established physicians with greater desire for independence are more likely to operate their 

own practices as opposed to working as salaried employees and thereby be less sensitive to 

longer hours. It is also plausible that higher job satisfaction scores may be due to comparatively 

shorter work hours instead of the postulated causal relationship leading from the regressor to 

the outcome variable. We therefore err on the side of caution and adopt as our default position 

that each regressor is endogenous in at least one of these forms and then ask what it would 

mean if that variable is indeed endogenous – and only in instances when the rationale to support 
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endogeneity appears overly unrealistic or convoluted do we then designate the variable to be 

exogeneous.  

 

The key variable of interest, 1(female), is exogenous: for gender to be endogenous would 

involve a supposition that one’s biology somehow predetermines one’s work hours. While 

there may be sound cultural or anthropological evidence to demonstrate females work fewer 

hours than males in other contexts, the very reason we are focusing on Australian physicians 

is because we hypothesize these factors do not a priori apply to this high-powered profession.  

 

Year dummies are also evidently exogenous as is the age variable. Increases in age, when 

appropriate as a proxy for experiences, may lead to changes in work hours. However, the age 

variable is binary in our regression and the earnings variable would be a better proxy for 

experiences.  

 

Marital status and having parental duties to at least one dependent child are endogenous due to 

self-selection. For example, an individual who values career progression comparatively more 

may choose to delay these life commitments and sustain a higher workload than her peers. Any 

interaction term involving an endogenous variable is endogenous and we consider all 

interaction terms involving combinations of 1(female), 1(married), 1(parent) and 1(age >= 

45)20.  

 

 
20 Let 𝑛 be the number of variables in an interaction term, we therefore have a total of ∑ 𝑛2 ∙

4!

𝑛!(4−𝑛)!
= 724

𝑛=2  

input interactions terms. 
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The decisions to take holiday and sick leaves are standard exogenous control variables: it is 

too far a stretch to stipulate that if a physician puts in long hours during a typical work week, 

she must therefore be averse to taking leaves when necessary or indeed to suppose an inverse 

relationship between commitment to one’s work and the propensity to take breaks in general.  

 

Direct earnings, benefits and subsides from medical activities are endogenous because work 

incomes and hours can be simultaneously determined21. Indirect and non-medical earnings are 

treated as exogenous: these earnings are expected to be negatively correlated with work hours. 

Finally, debts and liabilities are exogenous and are expected to exert a positive effect on work 

hours if the motive to increase financial gain is sufficiently strong. 

 

Practice ownership22 has an important effect on workload. First, self-selection is present in the 

decision to establish one’s own practice as pertains to work hours. Second, owners can exercise 

greater independence in reducing or lengthening their hours. We therefore treat practice 

ownership as endogenous. In addition, for specialists, payment structures are endogenous by 

assuming most specialists have at least some discretion in setting their fees. The number of 

clinic locations is alike deemed to be endogenous.  

 

GPs’ average consultation length is exogenous based on the assumption GPs do not determine 

the consultation time for any given patient in view of their overall weekly workload. A patient’s 

average waiting time is treated as exogenous and used as a proxy for how busy the practice is 

 
21 Although not necessarily in a linear fashion as highlighted in Bertrand el al. (2010). 

22 For GPs, we use the variable indicating if the doctor is a principal or partner of the practice because of the 

variable’s larger sample size. 
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– qualitatively, we expect this variable’s coefficient to be positive. The fees for a standard level 

B consultation and the percentage of patients requiring no co-payment are also classified to be 

exogenous for GPs – this is admittedly debatable, however, due to the small number of GPs 

operating their own practices, we assume most GPs are limited in their abilities to set fees. 

Finally, the decision to engage in on-call work is endogenous such that we postulate physicians 

choosing to do on-work are ex ante more willing to work longer hours.  

 

The subjective assessments of job satisfaction are examined variable by variable: Overall job 

satisfaction, satisfactions on remuneration, on work hours, on responsibility and recognition 

received are treated as endogenous. This is to account for the possibility – assuming a degree 

of autonomy in one’s workload23 – that just as a higher satisfaction score may result in longer 

work hours, the reverse in which shorter work hours lead to higher scores is equally plausible. 

Conversely, satisfaction scores on physical work conditions, the freedom to choose one’s 

method of working and opportunities to demonstrate one’s abilities are exogenous because 

herein arguments for potential simultaneous or reverse causation do not apply.  

 

The desire to increase or decrease current hours are endogenous. These survey answers are 

given in response to one’s workload during a given year and would presumably influence the 

actual hours worked in future years (i.e. not necessarily simultaneously determined but there is 

switching of cause and effect over time).  

 

 
23 This assumption is standard for most knowledge/skilled work due to the presence of information asymmetric 

and is also stated in Cheng et al. (2012, 1303). 
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Information on the area a doctor practices, including whether it is metro or non-metro, whether 

it is an DWS as well as its demographics, is exogenous. Additionally, whether a doctor 

completed her basic medical degree in an Australian or overseas university, whether an 

individual has lived in a rural area, and her residency status are also exogenous variables.  

 

Because year-to-year workload is likely to exhibit within-panel serial correlation, we use robust 

standard errors in all estimations. To account for both compositional differences and 

differences in effects, as before mentioned, we include interaction terms between gender, 

parental status, marital status and age cohorts. Lastly, we carry out separate analyses by doctor 

type as each specialisation contains its own unique set of explanatory variables and to allow 

for variations in both the intercepts and slopes. 

 

Using the formulation in StataCorp (2019, 225), the above discussion culminates in the 

following specification: 

 

Weekly_work_hours
𝑖𝑡

= 1(Female)𝑖𝛿1 + 𝑍2𝑖𝛿2 + 𝑋1𝑖𝑡𝛽1 +

[
 
 
 
 
 
 
 
 

1(Female)𝑖 ∙ 1(Married)𝑖𝑡𝛼1

+1(Female)𝑖 ∙ 1(Parent)𝑖𝑡𝛼2

+1(Female)𝑖 ∙ 1(Age≥45)𝑖𝑡𝛼3

+1(Female)𝑖 ∙ 1(Married)𝑖𝑡 ∙ 1(Parent)𝑖𝑡𝛼4

+1(Female)𝑖 ∙ 1(Married)𝑖𝑡 ∙ 1(Age≥45)𝑖𝑡𝛼5

+1(Female)𝑖 ∙ 1(Parent)𝑖𝑡 ∙ 1(Age≥45)𝑖𝑡𝛼6

+1(Female)𝑖 ∙ 1(Married)𝑖𝑡 ∙ 1(Parent)𝑖𝑡 ∙ 1(Age≥45)𝑖𝑡𝛼7

+𝑋2𝑖𝑡𝛽2 ]
 
 
 
 
 
 
 
 

+ 𝜇𝑖 + 휀𝑖𝑡 … (1) 

 

In equation (1), the subscripts 𝑖 and 𝑡 refer to physician and survey year, respectively. The first 

RHS term is the time-invariant exogenous gender variable. The second term refers to the time-

invariant endogenous component. The third term refers to the time-varying exogenous 
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component. The fourth component contains the time-varying endogenous variables including 

the interaction terms of interest24. 𝜇𝑖 is, as above mentioned, uncaptured time-invariant 

individual random effects assumed to have zero mean, finite variance and be independently 

and identically distributed over each physician. And 휀𝑖𝑡 is the idiosyncratic error assumed to 

have zero mean and finite variance and be independently and identically distributed across all 

physician-years.  

 

4.6 Results 

 

The individual estimated coefficients from the Hausman-Taylor model are exceedingly 

difficult to interpret due to the number and length of the interaction terms. We therefore apply 

marginal effects analyses in our study of gender work hours gap in the following sub-sections.  

 

4.6.1 Marginal analysis for General Practitioners 

 

Table 4-6 presents the marginal effects for general practitioners. Columns (1) refers to a model 

specification based on overall weekly workload as the outcome variable and a version of 

equation (1) containing up to four-way interaction terms. Column (2) has the weekly workload 

on direct patient care as the outcome variable with four-way interaction terms in its list of 

covariates. Column (3) has overall weekly workload as the outcome variable but interaction 

terms limited to two variables. Finally, column (2) has the weekly workload on direct patient 

as the outcome variable with two-way interaction terms in the covariates. 

 
24 We are primarily interested in interaction terms containing 1(Female) but all possible combinations are 

included in the model in adherence to the hierarchy principle (Ané 2017, 8). 
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Panel A calculates the marginal effects with respect to, in turn, 1(Female) and 1(Married) and 

1(Parent). Using the binary gender variable as example, in relation to equation (1), it is 

calculating 
𝜕Weekly_work_hours𝑖𝑡

𝜕1(Female)𝑖
 averaged across all survey years and all physicians.  

 

Panel B calculates the marginal effects for parenthood status conditional on whether the 

physician is female or male. That is, 
𝜕Weekly_work_hours𝑖𝑡

𝜕1(Parent)𝑖
 | 1(Female)𝑖 = 1 or 

𝜕Weekly_work_hours𝑖𝑡

𝜕1(Parent)𝑖
 | 1(Female)𝑖 = 0 averaged across all survey years and, respectively, female 

and male physicians.  

 

Panel C examines yet another angle of the gender differences in workload by calculating the 

gender marginal effects conditional on parenthood status and separately for each survey year. 

That is, 
𝜕Weekly_work_hours𝑖𝑡

𝜕1(Female)𝑖
 | 1(Parent)𝑖 = 1 or 

𝜕Weekly_work_hours𝑖𝑡

𝜕1(Female)𝑖
 | 1(Parent)𝑖 = 0 averaged 

across, respectively, female and male physicians separately for each survey year.  

 

From Table 4-6, we estimate GPs’ gender marginal effect between -7 to -7.6 hours with strong 

statistical significance. There is consensus between all four specifications and the model 

containing four-way interaction terms and with overall weekly hours as its outcome variable 

(reference model) estimates females to work almost exactly one standard work day (7.6 hours) 

fewer than males. 

 

Only a minor narrowing in the gender labour supply gap from -7.5 to -7.0 in the reference 

model is observed when grouped from the lowest to highest income deciles. Similarly, the 

gender gap at approximately one workday also remain flat throughout all ten survey years. 
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There is no statistically significant marginal effect for marital status, but parental status lowers 

work hours by about 1.4 hours. The latter can be decomposed to show that there is no effect 

from parental status for male GPs, but a marginal effect of approximately -3 hours is present 

for female GPs. Conversely, when set against the condition of having no dependent children, 

we see the gender gap is about 5 hours. The gender gap increases to about 8 hours when set 

against the condition of being parent to at least one dependent child. 

 

In conclusion, there is a composition difference (with respect to gender’s interaction with 

parental status) of almost 5 hours between female and male GPs. When parental duties are 

present, the gender gap increases to about 8 hours such that the female GPs in our data are 

estimated to work, on average, one standard workday or 7.6 hours per week fewer than male 

GPs from 2008 to 2017. 
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Table 4-6 Marginal effects for General Practitioners 

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

Panel A            

dydx(female) -7.596***   -7.091***   -7.457***   -6.968***  

 (0.320)   (0.298)   (0.316)   (0.296)  

dydx(married) 0.439   0.260   0.559   0.317  

 (0.438)   (0.420)   (0.422)   (0.411)  

dydx(parent) -1.396***   -1.320***   -1.524***   -1.442***  

 (0.260)   (0.282)   (0.265)   (0.289)  

Panel B            

dydx(parent):            

male 0.542   0.488   -0.205   -0.247  

 (0.404)   (0.459)   (0.373)   (0.429)  

female -2.905***   -2.718***   -2.936***   -2.717***  

 (0.349)   (0.350)   (0.354)   (0.361)  

Panel C            

dydx(female): no dependent child has dependent child  no dependent child has dependent child  no dependent child has dependent child  no dependent child has dependent child 

2008 -4.751*** -7.991***  -4.406*** -7.497***  -5.338*** -7.805***  -5.072*** -7.341*** 

 (0.456) (0.364)  (0.469) (0.369)  (0.438) (0.344)  (0.447) (0.350) 

2009 -4.745*** -7.994***  -4.417*** -7.491***  -5.339*** -7.806***  -5.068*** -7.337*** 

 (0.456) (0.365)  (0.468) (0.370)  (0.437) (0.343)  (0.447) (0.350) 

2010 -4.752*** -8.003***  -4.424*** -7.496***  -5.343*** -7.810***  -5.070*** -7.339*** 

 (0.456) (0.367)  (0.468) (0.370)  (0.437) (0.343)  (0.447) (0.350) 

2011 -4.827*** -7.910***  -4.532*** -7.418***  -5.284*** -7.751***  -5.028*** -7.297*** 

 (0.449) (0.362)  (0.458) (0.367)  (0.439) (0.345)  (0.447) (0.352) 

2012 -4.879*** -7.864***  -4.585*** -7.389***  -5.250*** -7.717***  -5.011*** -7.280*** 

 (0.446) (0.364)  (0.455) (0.368)  (0.439) (0.346)  (0.447) (0.352) 

2013 -4.795*** -7.939***  -4.482*** -7.451***  -5.300*** -7.767***  -5.045*** -7.314*** 

 (0.451) (0.365)  (0.462) (0.370)  (0.437) (0.344)  (0.446) (0.351) 

2014 -4.819*** -7.928***  -4.506*** -7.439***  -5.293*** -7.760***  -5.038*** -7.308*** 

 (0.450) (0.365)  (0.460) (0.369)  (0.438) (0.345)  (0.447) (0.351) 
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2015 -4.821*** -7.904***  -4.515*** -7.421***  -5.280*** -7.747***  -5.030*** -7.300*** 

 (0.449) (0.362)  (0.459) (0.367)  (0.438) (0.345)  (0.447) (0.352) 

2016 -4.807*** -7.902***  -4.498*** -7.420***  -5.274*** -7.741***  -5.029*** -7.299*** 

 (0.448) (0.365)  (0.459) (0.371)  (0.437) (0.345)  (0.446) (0.352) 

2017 -4.745*** -7.969***  -4.435*** -7.467***  -5.317*** -7.784***  -5.054*** -7.323*** 

  (0.453) (0.369)   (0.465) (0.373)   (0.436) (0.344)   (0.445) (0.351) 

            

Physicians 5,210   5,501   5,153   5,434  

Observations 20,776   22,850   20,355   22,342  

 

Note: Standard errors in parentheses. For each doctor type, column (1) has dependent variable overall workload and interactions up to and include four variables. Column (2) has dependent variable direct patient 

care hours and interactions up to and include four variables. Column (3) has dependent variable overall workload and interactions up to and include two variables. Column (4) has dependent variable direct patient 

care hours and interactions up to and include two variables. Statistical significance is denoted by *** p < 0.01, ** p < 0.05, * p < 0.1. The marginal effects for 1(Female) over income deciles and survey years are 

omitted due to space constraint. Panel B calculates the predicted marginal effects for 1(Parent) by adjusting the entire sample to be male and then female. Panel C calculates the predicted marginal effects for 

1(Female) by adjusting the observations for each survey year to have no dependent children, followed by having at least one dependent child. 
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4.6.2 Marginal analysis for Internal Specialists 

 

According to Table 4-7, the gender work hours gap for internists is about -6 hours when 

evaluated against overall weekly workload but decreases to about -3.7 hours when only direct 

patient care hours are considered for both two-way and four-way interaction specifications. 

 

The reason we observe nearly identical results between overall and direct outcome variables 

for GPs is because the majority of GPs in our data are not practice owners, as such, there is 

presumably no significant differences between clinical and total hours. In comparison, 

relatively more internal specialists are self-employed and work at more than one practice and, 

therefore, may have additional administrative and managerial duties on top of clinical hours.  

 

Using the model with four-way interactions and overall work hours as its outcome variable, 

there is no meaningful variations across income deciles. And the gender gap declines slightly 

from -6 hours in 2008 to -5.4 hours in 2017. 

 

There is no aggregate marginal effect for marital or parental status. For male internal 

specialists, having dependent children is estimated to result in about 1 additional hour versus 

having no parental duties. For female internists, however, parental status has a marginal effect 

of -4 hours. In terms of the gender gap, when parental duties are absent, it is estimated to be 

between 0 to -2 hours. On the other hand, with parental responsibilities, the gender gap widens 

to between -7 to -8 hours. 

 

In summary, considering gender’s interaction with parental status, we do not observe a 

substantive compositional difference between female and male internists. The gender gap 
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becomes more pronounced at close to -8 hours per week, on the other hand, when parental 

responsibilities are present. Therefore, the female internal specialists in our data are estimated 

to work one workday fewer than their male colleagues when dependent children are present. 
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Table 4-7 Marginal effects for Internal specialists 

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

Panel A            

dydx(female) -6.154***   -3.678***   -6.142***   -3.617***  

 (0.620)   (0.595)   (0.613)   (0.594)  

dydx(married) 0.168   -0.564   0.106   -0.111  

 (0.791)   (0.967)   (0.777)   (0.948)  

dydx(parent) -0.809   -0.367   -0.852   -0.402  

 (0.527)   (0.562)   (0.544)   (0.556)  

Panel B            

dydx(parent):            

male 1.113**   0.145   0.767   -0.0694  

 (0.568)   (0.717)   (0.536)   (0.640)  

female -4.054***   -1.003   -3.814***   -1.009  

 (1.130)   (1.072)   (1.159)   (1.083)  

Panel C            

dydx(female): no dependent child has dependent child  no dependent child has dependent child  no dependent child has dependent child  no dependent child has dependent child 

2008 -1.748 -7.732***  -2.582** -4.171***  -3.130*** -7.550***  -3.078*** -3.953*** 

 (1.119) (0.737)  (1.191) (0.784)  (1.058) (0.701)  (1.088) (0.710) 

2009 -1.873* -7.472***  -2.615** -4.008***  -2.990*** -7.410***  -2.996*** -3.871*** 

 (1.088) (0.723)  (1.142) (0.762)  (1.055) (0.700)  (1.080) (0.709) 

2010 -1.959* -7.307***  -2.638** -3.913***  -2.893*** -7.313***  -2.937*** -3.812*** 

 (1.072) (0.719)  (1.116) (0.758)  (1.053) (0.701)  (1.077) (0.710) 

2011 -2.033* -7.134***  -2.655** -3.775***  -2.817*** -7.237***  -2.886*** -3.761*** 

 (1.060) (0.710)  (1.092) (0.742)  (1.052) (0.703)  (1.073) (0.712) 

2012 -2.156** -6.902***  -2.691** -3.654***  -2.675** -7.095***  -2.803*** -3.678*** 

 (1.049) (0.708)  (1.067) (0.745)  (1.051) (0.705)  (1.070) (0.716) 

2013 -2.126** -6.962***  -2.691** -3.690***  -2.695** -7.115***  -2.814*** -3.689*** 

 (1.051) (0.711)  (1.069) (0.747)  (1.051) (0.705)  (1.070) (0.716) 

2014 -2.143** -6.941***  -2.689** -3.679***  -2.689** -7.109***  -2.807*** -3.682*** 

 (1.050) (0.711)  (1.070) (0.749)  (1.050) (0.704)  (1.071) (0.715) 
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2015 -2.149** -6.915***  -2.700** -3.663***  -2.661** -7.081***  -2.796*** -3.672*** 

 (1.050) (0.711)  (1.064) (0.746)  (1.051) (0.707)  (1.070) (0.717) 

2016 -2.230** -6.751***  -2.742*** -3.568***  -2.537** -6.957***  -2.726** -3.601*** 

 (1.051) (0.714)  (1.049) (0.748)  (1.052) (0.713)  (1.068) (0.725) 

2017 -2.271** -6.657***  -2.740*** -3.499***  -2.514** -6.934***  -2.709** -3.584*** 

  (1.049) (0.710)   (1.046) (0.745)   (1.052) (0.713)   (1.068) (0.726) 

            

Physicians 1,653   1,673   1,650   1,670  

Observations 8,638   8,926   8,553   8,837  

 

Note: Standard errors in parentheses. For each doctor type, column (1) has dependent variable overall workload and interactions up to and include four variables. Column (2) has dependent variable direct patient 

care hours and interactions up to and include four variables. Column (3) has dependent variable overall workload and interactions up to and include two variables. Column (4) has dependent variable direct patient 

care hours and interactions up to and include two variables. Statistical significance is denoted by *** p < 0.01, ** p < 0.05, * p < 0.1. The marginal effects for 1(Female) over income deciles and survey years are 

omitted due to space constraint. Panel B calculates the predicted marginal effects for 1(Parent) by adjusting the entire sample to be male and then female. Panel C calculates the predicted marginal effects for 

1(Female) by adjusting the observations for each survey year to have no dependent children, followed by having at least one dependent child. 
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4.6.3 Marginal analysis for Surgical Specialists 

 

From Table 4-8, the aggregate gender gap for surgeons is about -3 hours per week. The 

robustness of the results can be verified in that, despite the seemingly different coefficient 

estimates in Table 9, there is no meaningful departures between models of different outcome 

variables and interaction term specifications when we evaluate the marginal effects for 

variables of interest. 

 

In contrast to internists, we obtain similar gender gap estimates from the overall and direct 

outcome variables. This is likely because a sizeable number of surgeons in our data are 

hospital-based as opposed to being self-employed. In addition, the smaller absolute magnitude 

for surgeons as compared to internists (3 versus 6 hours) may reflect the greater rigidity in 

surgeons’ work schedules. 

 

No effect stems from marital status but the marginal effect for parental status is estimated to 

be +2 hours. When we decompose parental status’ marginal effects for male and female 

surgeons separately, we see that there is no effect for female surgeons but male surgeons with 

dependent children work 3 more hours per week than male surgeons without dependent 

children. This forms an interesting comparison in that parental status does not affect the hours 

for male GPs and internists but reduce the hours for female GPs and internists, in contrast, it 

has no effect on female surgeons but male surgeons are estimated to increase their hours 

instead. 

 

Referring to the model with four-way interactions and overall work hours as its outcome 

variable, we observe the gender gap for surgical specialists remain consistently around -3 hours 
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across earning deciles and survey years. Furthermore, it is entirely absent for surgeons with no 

parental duties but extends to about -4 hours when children are present. 

 

In conclusion, the gender work hours gap is smallest in magnitudes for surgical specialists at 

less than half a workday. In terms of gender’s interaction with parental status, there is no 

compositional difference. Significantly, we estimate no effect for female surgeons resultant 

from parental status and instead find an increase in male surgeons’ workload when children are 

present. Therefore, the gender labour supply gap for surgical specialists is driven by an increase 

in workload by male surgeons with dependent children as opposed to reductions in hours by 

female surgeons.  
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Table 4-8 Marginal effects for Surgical specialists 

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

Panel A            

dydx(female) -3.046***   -2.746***   -2.880***   -2.585***  

 (0.982)   (0.876)   (0.948)   (0.851)  

dydx(married) 0.124   -1.102   0.505   -0.410  

 (0.819)   (0.844)   (0.794)   (0.858)  

dydx(parent) 2.163***   2.915***   1.950***   2.774***  

 (0.658)   (0.779)   (0.636)   (0.722)  

Panel B            

dydx(parent):  = 0 or 1    = 0 or 1    = 0 or 1    = 0 or 1  

male 3.011***   3.193***   2.632***   2.950***  

 (0.708)   (0.869)   (0.710)   (0.766)  

female 0.376   3.007   -0.295   2.192  

 (1.828)   (2.306)   (1.812)   (2.271)  

Panel C            

dydx(female): no dependent child has dependent child  no dependent child has dependent child  no dependent child has dependent child  no dependent child has dependent child 

2008 -1.054 -4.035***  -2.641 -3.085***  -1.039 -3.956***  -2.236 -2.997*** 

 (1.600) (1.126)  (1.950) (1.091)  (1.625) (1.168)  (1.956) (1.103) 

2009 -1.085 -4.045***  -2.602 -3.083***  -1.047 -3.965***  -2.219 -2.979*** 

 (1.608) (1.124)  (1.947) (1.092)  (1.630) (1.163)  (1.955) (1.100) 

2010 -1.167 -3.837***  -2.605 -2.864**  -0.913 -3.830***  -2.070 -2.830** 

 (1.635) (1.148)  (1.947) (1.121)  (1.624) (1.177)  (1.951) (1.122) 

2011 -1.144 -3.808***  -2.635 -2.824**  -0.904 -3.822***  -2.067 -2.827** 

 (1.629) (1.153)  (1.949) (1.124)  (1.621) (1.181)  (1.952) (1.126) 

2012 -1.217 -3.601***  -2.637 -2.625**  -0.771 -3.688***  -1.934 -2.694** 

 (1.657) (1.181)  (1.961) (1.153)  (1.616) (1.198)  (1.950) (1.148) 

2013 -1.177 -3.670***  -2.638 -2.692**  -0.837 -3.754***  -2.005 -2.765** 

 (1.642) (1.174)  (1.956) (1.140)  (1.618) (1.190)  (1.951) (1.137) 

2014 -1.171 -3.864***  -2.592 -2.866**  -0.947 -3.864***  -2.079 -2.840** 

 (1.637) (1.146)  (1.948) (1.120)  (1.629) (1.171)  (1.951) (1.119) 
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2015 -1.209 -3.667***  -2.618 -2.689**  -0.830 -3.748***  -1.987 -2.747** 

 (1.653) (1.173)  (1.956) (1.142)  (1.621) (1.188)  (1.950) (1.137) 

2016 -1.208 -3.657***  -2.622 -2.680**  -0.814 -3.731***  -1.972 -2.732** 

 (1.652) (1.174)  (1.957) (1.145)  (1.619) (1.191)  (1.950) (1.140) 

2017 -1.212 -3.666***  -2.611 -2.659**  -0.824 -3.742***  -1.952 -2.712** 

  (1.653) (1.173)   (1.959) (1.148)   (1.621) (1.188)   (1.949) (1.142) 

            

Physicians 852   858   845   851  

Observations 4,472   4,627   4,409   4,558  

 

Note: Standard errors in parentheses. For each doctor type, column (1) has dependent variable overall workload and interactions up to and include four variables. Column (2) has dependent variable direct patient 

care hours and interactions up to and include four variables. Column (3) has dependent variable overall workload and interactions up to and include two variables. Column (4) has dependent variable direct patient 

care hours and interactions up to and include two variables. Statistical significance is denoted by *** p < 0.01, ** p < 0.05, * p < 0.1. The marginal effects for 1(Female) over income deciles and survey years are 

omitted due to space constraint. Panel B calculates the predicted marginal effects for 1(Parent) by adjusting the entire sample to be male and then female. Panel C calculates the predicted marginal effects for 

1(Female) by adjusting the observations for each survey year to have no dependent children, followed by having at least one dependent child. 
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4.6.4 Marginal analysis for other Specialists 

 

From Table 4-9, the gender work hours gap for other specialists is estimated to be between -6 

to -7 hours per week. There are limited variations between models with different outcome 

variables and interaction term specifications.  

 

The estimates for other specialists are highly similar to general practitioners. This includes the 

lack of effect from marital status and a decrease of 2 hours due to parental status for females. 

With respect to the gender gap, the aforementioned difference of -6 to -7 hours remains stable 

across difference earnings deciles and survey years.  

 

It is difficult to draw conclusions for a group composed of sub-specialties that ranges from 

anaesthesia to sports medicine. We can, however, conclude there is evidence of a compositional 

gender gap of about -4 hours. And the gender gap widens to -7 hours when parental duties are 

present.  
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Table 4-9 Marginal effects for Other specialists 

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

Panel A            

dydx(female) -6.854***   -6.485***   -6.887***   -6.548***  

 (0.625)   (0.666)   (0.622)   (0.667)  

dydx(married) -0.474   0.596   -0.439   0.544  

 (0.660)   (0.970)   (0.660)   (0.931)  

dydx(parent) -0.164   0.519   -0.194   0.477  

 (0.400)   (0.474)   (0.411)   (0.481)  

Panel B            

dydx(parent):  = 0 or 1    = 0 or 1    = 0 or 1    = 0 or 1  

male 0.776*   1.004*   0.535   0.737  

 (0.471)   (0.575)   (0.469)   (0.551)  

female -2.107***   -0.486   -1.681**   -0.0539  

 (0.767)   (0.901)   (0.789   (0.906)  

Panel C            

dydx(female): no dependent child has dependent child  no dependent child has dependent child  no dependent child has dependent child  no dependent child has dependent child 

2008 -3.912*** -7.048***  -4.699*** -6.459***  -5.029*** -7.136***  -5.831*** -6.524*** 

 (0.871) (0.615)  (1.027) (0.726)  (0.864) (0.618)  (0.963) (0.725) 

2009 -3.940*** -7.032***  -4.731*** -6.439***  -4.999*** -7.106***  -5.801*** -6.494*** 

 (0.871) (0.616)  (1.022) (0.723)  (0.866) (0.620)  (0.963) (0.725) 

2010 -3.977*** -6.918***  -4.731*** -6.293***  -4.922*** -7.029***  -5.697*** -6.389*** 

 (0.867) (0.618)  (1.006) (0.724)  (0.868) (0.622)  (0.962) (0.726) 

2011 -4.018*** -6.860***  -4.778*** -6.212***  -4.885*** -6.991***  -5.641*** -6.334*** 

 (0.861) (0.617)  (0.997) (0.724)  (0.866) (0.621)  (0.960) (0.726) 

2012 -4.077*** -6.742***  -4.808*** -6.077***  -4.798*** -6.905***  -5.539*** -6.232*** 

 (0.860) (0.620)  (0.988) (0.726)  (0.867) (0.625)  (0.961) (0.728) 

2013 -4.050*** -6.750***  -4.779*** -6.104***  -4.828*** -6.935***  -5.578*** -6.270*** 

 (0.855) (0.618)  (0.988) (0.729)  (0.864) (0.622)  (0.959) (0.726) 

2014 -4.016*** -6.811***  -4.750*** -6.184***  -4.868*** -6.975***  -5.633*** -6.326*** 

 (0.858) (0.618)  (0.995) (0.727)  (0.865) (0.621)  (0.960) (0.725) 
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2015 -4.081*** -6.746***  -4.814*** -6.070***  -4.796*** -6.903***  -5.530*** -6.223*** 

 (0.861) (0.621)  (0.988) (0.725)  (0.868) (0.625)  (0.961) (0.728) 

2016 -4.134*** -6.580***  -4.805*** -5.888***  -4.685*** -6.792***  -5.400*** -6.093*** 

 (0.870) (0.628)  (0.987) (0.731)  (0.873) (0.632)  (0.964) (0.734) 

2017 -4.146*** -6.510***  -4.804*** -5.811***  -4.645*** -6.752***  -5.348*** -6.040*** 

  (0.874) (0.631)   (0.988) (0.734)   (0.874) (0.634)   (0.965) (0.737) 

            

Physicians 1,368   1,374   1,364   1,369  

Observations 7,621   7,814   7,523   7,708  

 

Note: Standard errors in parentheses. For each doctor type, column (1) has dependent variable overall workload and interactions up to and include four variables. Column (2) has dependent variable direct patient 

care hours and interactions up to and include four variables. Column (3) has dependent variable overall workload and interactions up to and include two variables. Column (4) has dependent variable direct patient 

care hours and interactions up to and include two variables. Statistical significance is denoted by *** p < 0.01, ** p < 0.05, * p < 0.1. The marginal effects for 1(Female) over income deciles and survey years are 

omitted due to space constraint. Panel B calculates the predicted marginal effects for 1(Parent) by adjusting the entire sample to be male and then female. Panel C calculates the predicted marginal effects for 

1(Female) by adjusting the observations for each survey year to have no dependent children, followed by having at least one dependent child. 
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4.7 Conclusion 

 

In this study, we examine gender differences in labour supply amongst general practitioners, 

internists, surgeons and other specialists in Australia using the MABEL data from 2008 to 

2017. Workload differences is the primary contributor to the gender pay gap in the medical 

profession. Across all doctor types, we find no reduction in female labour supply due to marital 

status. For general practitioners, female physicians typically work fewer hours than male 

physicians and this difference extends to one standard workday when parental duties are 

present. For internal specialists, on the other hand, there is no compositional difference between 

female and male physicians. However, a similar gender difference of one typical workday 

exists when the physicians have at least one dependent child. For surgical specialists, the 

gender gap due to parental status is markedly smaller in magnitude. Furthermore, there is no 

reductions in hours by female surgeons and the difference is instead driven by male surgeons’ 

increased labour supply. Finally, for specialists otherwise not classified into internal or 

surgical, we find patterns highly similar to general practitioners. 

 

In conclusion, the reasons behind the gender differences in workload are highly nuanced. 

Notwithstanding the intra-specialisation differences masked by our classification, self-

selection in one’s chosen specialisation clearly plays a role. That is, assuming longer term 

work-family balance is part of the calculus when medical students choose their specialty and 

at the risk of oversimplification, we might say that female general practitioners place a 

relatively higher value on family time over clinical time as compared to female surgeons. 

However, it is also evident that the medical profession as a whole is not immune from 

traditional gender roles when it comes to the inequitable distribution of child-caring duties 

between husbands and wives. A direction for future study should, therefore, include the 
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spouses’ professions and earnings. Firmer evidence for the continual prevalence of traditional 

gender roles in the medical profession can be established if, for example, the majority of 

physicians are found to conform to assortative mating. It follows that policies designed to 

ameliorate the gender pay gap as well as in addressing the scaling back of work hours by female 

physicians in a context where the proportion of female physicians is growing would need to 

account for these systemic barriers to work that female physicians face. 
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Chapter 5 – Conclusion 
 

Using methods from applied microeconomics, this thesis studies three distinct questions within 

the field of health economics. 

 

The first paper examines the role as played by social capital on the health outcomes of 

individuals aged 50 years or above in Indonesia’s eastern provinces. Using 2012’s Indonesian 

Family Life Survey – East survey that consists of some 1200 individuals who meet our criteria 

and which includes a range of demographic, economic, labour market and social 

characteristics, we apply categorical data analysis to examine the link between social capital 

and health aging. We capture the multifaceted nature of health by using a range of objective 

and subjective measurements including the Katz Activities of Daily Living, self-assessed 

scores on general health and future health, the existence of chronic illness and self-assessed 

mental health. Each of these outcome measures has a natural ordinal interpretation. Our 

explanatory variables of interest which reflect the degree of social capital are measures of 

participation in community activities and measures of neighbourhood trust.  

 

The results from ordered probit model and probit model show that both measures of social 

capital are statistically significant and positively correlated with the Katz Activities of Daily 

Living. This finding’s qualitative conclusion is also robust across gender, urban and rural 

subsamples and age categories, although the effect sizes are different in each subsample testing. 

In contrast, social capital has a reduced influence on self-assessed health outcomes and no 

perceptible effect on chronic illnesses. Finally, we also address the issue of potential 

endogeneity in the form of reverse causation. That is, individuals who self-report lower 

measures of health may correspondingly be unable to engage in community activities. To that 

end, we apply an instrumental variable regression whereby the instrument of community level 
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violence or conflicts is correlated with community participation but not with individual health. 

The corresponding statistical tests show that there is insufficient evidence to reject the null 

hypothesis of no endogeneity.  

 

The second paper looks at various factors that may influence Australian general practitioners’ 

relocation decisions using the first five MABEL surveys. The outcome variable is an indicator 

variable constructed to capture substantial relocation patterns such as a move from a city 

location to a remote location. The causal variables of interest include, respectively for each 

logistic regression, 1) changes in real estate valuations, 2) changes in socioeconomic 

conditions, 3) changes in household earnings, 4) changes in work hours and 5) changes in self-

assessed job satisfaction score. As a robustness check against potential endogeneity due to 

simultaneity bias from changes in household earnings and changes in work hours, an 

instrumental variable approach in the form of two-stage residual inclusion is also applied.  

 

We find negative changes in real estate valuations and socioeconomic conditions to have 

consistent effects on relocation choices such that a decrease in real estate valuation, likely 

symptomatic of a broader deterioration in living conditions in the area, as well as a decline in 

socioeconomic measures increase the odds of relocation. In contrast, improvements in the 

above measures have no corresponding effect. A decline in household earnings also increases 

the odds of relocation although the effect sizes are relatively smaller. Similarly, an increase in 

household earnings is not found to have an impact. Finally, we observe no perceptible influence 

from changes in work hours or self-assessment satisfaction score in either direction. What these 

findings demonstrate, therefore, is that important though it may be to investigate the influences 

from personal and professional circumstances with respect to the decision to remain at leave 

rural regions, these changes are relatively less impactful as compared to changes in the local 
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socioeconomic conditions or, in short, the general attractiveness of the area. The causal factors 

found to be most impactful are, in addition, not markedly unique to the medical profession and 

are under the normal purview of policy influences and initiatives.  

 

The third paper studies the effects of gender on labour supply’s intensive margin among 

Australian physicians using the MABEL data from 2008 to 2017. The policy relevance of the 

study is underlined by the fact that workload differences is the primary contributor to the gender 

pay gap in the medical profession. We classify each physician into general practice, internal 

specialisation, surgical specialisation or other specialisations and the main outcome variable is 

the total work hours during a typical week. We apply the Hausman-Taylor estimator and our 

identification strategy utilises a fixed-effects approach which is analogous to having each 

physician acting as her own control over time with respect to time-invariant characteristics.  

 

Across all doctor types, we find no reduction in female labour supply due to marital status. For 

general practitioners, female physicians typically work fewer hours than male physicians with 

a difference extending to an average of one standard workday given parental duties. For internal 

specialists, in contrast, there is no compositional difference between female and male 

physicians. However, a similar average gender difference of one standard workday becomes 

present when there is at least one dependent child. For surgical specialists, the magnitude of 

the gender gap due to parental status is markedly smaller at an average of a few hours per week. 

Furthermore, there are no reductions in hours by female surgeons and the difference is instead 

due to male surgeons’ increased labour supply. Finally, for specialists otherwise not classified 

into internal or surgical, we find patterns highly similar to general practitioners. 




