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Abstract
Non-pecuniary sources of motivation are a strong feature of the health care sector and the impact
of competitive incentives may be lower where pecuniary motivation is low. We test this
hypothesis by measuring the marginal utility of income of physicians from a stated-choice
experiment, and examining whether this measure influences the response of physicians to
changes in competition on prices charged. We find that physicians exploit a lack of competition
with higher prices only if they have a high marginal utility of income.
JEL classification: I11
Keywords: Doctors, incentives, competition, motivation
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1. Introduction
Evidence on the impact of competition in health care is mixed, with most research focusing on
hospital competition and little research on the markets for physicians (Gaynor and Town 2012).
The effect of competition and other economic incentives will depend, in part, upon the objectives
of health care providers. The aim of this paper is to examine if the impact of competition is
influenced by the motivations of health care providers. In health care, it has long been recognised
that these objectives may include sources of motivation other than profit (Arrow 1963). At the
heart of many studies of the effects of financial incentives on health care providers’ behaviour
lies a utility function that includes not only net income (profit) but also patient’s health status or
utility (Evans 1984, Feldstein 1970, McGuire 2000, Ellis and McGuire 1990, Siciliani 2009,
Arrow 1963). Physicians’ preferences for net income and patients’ health status, and how they
are traded-off, are a key source of variation in their responses to financial incentives, and
motivated much of the debate in the 1970s and 1980’s on supplier-induced demand (Labelle,
Stoddart, and Rice 1994).
A more recent parallel literature has developed within behavioural economics that has recognised
the importance of sources of motivation other than income. Pro-social motivation, intrinsic
motivation, and organisational goals as missions have all been used to recognise that other, nonpecuniary, objectives matter in explaining economic behaviour (Frey 1997, Frey and Jegen 2001,
Fehr and Falk 2002, Fehr and Camerer 2007, Besley and Ghatak 2005, Gregg et al. 2011). In
addition, in the field of neuroeconomics, the prefrontal cortex in the brain has been shown to
play an important role in resolving conflicts and trade-offs between selfish and pro-social
rewards (Fehr and Camerer 2007).
If these other non-pecuniary sources of motivation are important, and to the extent that these
motives are more prevalent amongst health care professionals, this may reduce the impact of
economic incentives in health care markets (Brekke, Siciliani, and Straume 2011, Brekke et al.
2014). Financial incentives may not work for physicians with a relatively low marginal utility of
income but a high concern for patients’ health or other non-pecuniary factors, or the financial
incentive may need to be higher to elicit a behavioural response. In general, if a physician places
a relatively high weight to improving patients’ health, then there is a need for much less complex
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remuneration and payment schedules especially if these objectives match the mission of the
hospital or physician group practice (Mooney and Ryan 1993, Besley and Ghatak 2005).
However, physician remuneration schedules are becoming more complex over recent years with
the introduction of complex pay for performance schemes, suggesting that third-party payers
think that physicians are motivated primarily by money. Empirical evidence is, however, mixed.
The degree to which physicians react to financial incentives has been a focus of empirical
research for decades (McGuire 2000). There is a large literature that examines the effects of
changes in remuneration schemes (Gosden et al. 2001), the effect of changes in the level of fees
(Clemens and Gottlieb 2014), the effect of changes in the level of wages using labour supply
models (Baltagi, Bratberg, and Holmas 2005), and the effect of performance-related pay on
physician behaviour (Scott et al. 2011). There is considerable variation in the reported effects of
financial incentives on a range of behaviours. If the size of the effect of incentives varies with
context, this is consistent with the existence of other unobserved non-pecuniary sources of
motivation.
Though the source of motivation has been recognised in theoretical models of health care
provider behaviour for decades (Ellis and McGuire 1986), empirical work on the direct
measurement of the different sources of motivation for health care providers is still in its infancy.
The altruism of medical students and other health workers in training has been measured recently
in a number of laboratory experiments (Godager and Wiesen 2013, Hennig-Schmidt, Selten, and
Wiesen 2011, Kolstad and Lindkvist 2013, Smith et al. 2012). Some of these have measured
altruism and pro-social preferences in the lab (Godager and Wiesen 2013, Hennig-Schmidt,
Selten, and Wiesen 2011, Smith et al. 2012). Kolstad and Lindkvist (2013) examined
associations between these lab-based measures with career intentions such as public or private
sector work. Two studies have examined preferences from lab experiments and their impact on
actual behaviour after the experiment. Serra, Serneels, and Barr (2011) found health
professionals with a relatively high pro-social motivation were more likely to work in the nonprofit sector three years later, and Lagarde and Blaauw (2014) found pro-social nurses were
more likely to choose to work in rural areas.
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Other studies have focused on heterogeneity in the monetary motivation of physicians. For
example, Rizzo and Zeckhauser (2003) and Rizzo and Zeckhauser (2007) used a question in a
survey that asked doctors what they think their income should be given their career stage, and
define this as a reference income (or target income). They found that those whose actual income
is below their reference income have stronger growth in income over time, and also show that
females do not respond to reference incomes. Iversen and Lurås (2000) used information from
the introduction of a capitation scheme in Norway, where physicians had to state their preferred
number of patients on their list. Physicians who were allocated less than their preferred number
of patients (i.e. a shortage of patients) were assumed to be more highly income motivated and
were found to provide more services to their patients.
The growing literature on discrete choice experiments is also a source of evidence on the
contents of physician’s utility functions and heterogeneity in their preferences for income. These
are experiments conducted in postal and online surveys rather than the laboratory where
respondents make choices between sets of alternative types of job. Job characteristics are varied
according to an experimental design and an indirect utility function is estimated that contains the
earnings of health professionals and a range and other job characteristics (Lagarde and Blaauw
2009, Lancsar and Louviere 2008). Discrete Choice Experiments (DCEs) provide direct
estimates of the marginal utility of income. A number of studies of physicians have found that
the marginal utility of income was statistically significant (Chomitz et al. 1998, Hanson and Jack
2010, Hole and Kolstad 2010, Kolstad 2011, Wordsworth et al. 2004, Scott 2001, Ubach et al.
2003, Gosden, Bowler, and Sutton 2000, Vujicic et al. 2010, Kruk et al. 2010, Scott et al. 2013).
Several of these examined heterogeneity in the marginal utility of income due to observable
physician characteristics (Chomitz et al. 1998, Scott 2001, Ubach et al. 2003, Wordsworth et al.
2004, Hanson and Jack 2010, Kruk et al. 2010, Hole and Kolstad 2010). These studies found
only a few physician characteristics associated with the marginal utility of income, including
income, age, experience, and gender. These effects are not consistent across studies, though
several studies found men to have a higher marginal utility of income than women physicians.
The aim of this paper is to add to these literatures by examining whether the degree of monetary
motivation modifies the impact of economic incentives on physicians. This has not yet been
5

examined empirically in health care. In particular, we examine the pricing incentives given by
the level of competition between physicians. Physicians with a low monetary motivation will
place a lower weight on any changes in revenue and profit caused by changes in competition.
They are therefore less likely to respond to competition by lowering their prices compared to
physicians with a high monetary motivation. We find empirical results which support this
hypothesis.
We examine these issues in the Australian health care system which is a useful context to study
competition between physicians. For general practitioners (GPs) there are no restrictions on
patient choice of GP, no restrictions on physician mobility (unless a GP enters from overseas),
and no price regulation in the fee for service system so GPs can charge what the market will
bear. Our data come from the unique Medicine in Australia: Balancing Employment and Life
(MABEL) panel survey of doctors which was used in a previous study examining the impact of
competition on the prices charged by GPs in Australia (Gravelle et al. 2016). This paper used an
individual measure of competition: the distance between GP practices.

A key issue with

previous research which has used area-based measures on competition based on doctor to
population ratios or market share indices, is that unobserved area characteristics are correlated
with both location decisions (competition) and prices. By using an individual measure of
competition, Gravelle et al (2016) used area fixed effects to control for unobservable area
characteristics. They found that GPs in areas with less competition (longer distances between
GPs) charged higher prices.
We extend the models from Gravelle et al (2016) to test whether the effect of competition is
influenced by GPs’ monetary motivation. Our measure of monetary motivation is a physicianspecific measure of the marginal utility of income estimated from a random-parameter mixed
logit model using data from a DCE administered to GPs in 2008 (Scott et al. 2013). The DCE
was in the context of choosing a job in which to work, which included an attribute of the
percentage change in annual earnings, along with other practice characteristics. A DCE has
several advantages over traditional hedonic wage equations that use revealed preference data to
examine compensating differentials for jobs. In these studies endogeneity bias of job
characteristics is a serious issue, both in terms of unobservable job characteristics and in terms of
6

selection on unobservable individual characteristics (Ekeland, Heckman, and Nesheim 2002). In
DCEs the impact of unobservable job characteristics are minimized by the researcher having
complete control over which job characteristics are included in the experiment. One can include
the most important and relevant job characteristics that have been identified from theory,
previous research or pilot studies, and which usually do not appear in revealed preference
datasets. This ensures that the most salient job characteristics are included.
A second source of endogeneity in hedonic models is due to selection on individual unobservable
characteristics. This is not present in a DCE since individual characteristics are orthogonal to the
variation of the attribute levels in the experiment because of the experimental design. The
attributes are presented exogenously and do not reflect previous choices of current job
characteristics as would be the case using revealed preference data. Furthermore, unobservable
individual characteristics are allowed to influence preferences by using a mixed logit modelling
framework which includes preference heterogeneity through the inclusion of random parameters
for each attribute.
As information was collected on each GP’s annual earnings, the DCE was used to estimate the
marginal utility of an extra dollar. The ability to estimate the marginal utility of income for each
individual GP is made possible by the estimation of a mixed logit model, the generalised
multinomial logit (GMNL), after which it is possible to use a Bayesian procedure to produce an
estimate of the marginal utility of income for each GP based on their responses to the DCE. The
marginal utility of income for each GP is then matched to the GPs included in the competition
model, and interacted with the measure of competition. The results show that GPs who are faced
with a low level of competition will raise their prices more if they have a high level of monetary
motivation. For low levels of monetary motivation, the effect of competition on prices becomes
statistically insignificant.
The next section outlines in more detail the institutional context of GPs within the Australian
health care system. We then briefly describe the data and the two studies on which this paper is
based. We then discuss the estimation of the marginal utility of income, and present the results
showing how the marginal utility of income influences GPs responses to competition.
7

2. Institutional context
Australia has a tax-financed universal health care system, Medicare, which provides subsidies to
patients for private medical services, including GP services. GPs are organised in small practices,
usually in partnerships or owned by companies and are gatekeepers as non-emergency visits to
medical specialists or hospitals require a referral from a GP. GPs are paid by patients through
fee-for-service, with the patient receiving a fixed subsidy from the Medicare Benefits Schedule
(Department of Health and Ageing 2007). GPs can charge what the market will bear – there are
no price controls or upper limits on prices charged. This means that there is a varying copayment - the difference between the price charged and the Medicare subsidy. This gap or out of
pocket payment cannot be covered by private health insurance. GPs can choose to charge
patients a price equal to the Medicare subsidy so the patient does not pay a co-payment which is
known as ‘bulk-billing’ and around 80% of GP visits are bulk-billed1. For patients who aren’t
bulk-billed, GPs can price discriminate and are able to charge different patients different prices.
GPs use this discretion to either bulk-bill patients or charge them a price greater than the subsidy.
Usually, prices posted by the practice are charged to all patients as this is administratively easier.
There are four types of subsidy available for the vast majority of GP visits, Level A-D, which
vary by complexity and time. Over 80% of visits claimed are for Level B consultations2 with a
Medicare subsidy of around AUD $33 in 2008. The subsidy is slightly higher for children under
16 and for those with concession cards, and there are also a number of safety nets in place which
provide higher subsidies for those with very high annual expenditures. In addition to revenue
from fee-for-service, GPs receive a range of other payments from Medicare (e.g. for being
located in a rural area) that are around 10% of total revenue. There are no entry restrictions
(unless the GP is a recent migrant) into geographic areas, and patients can visit any GP as there
is no registration or enrolment.

1
2

http://www.health.gov.au/medicarestats [accessed 07/10/2016]
http://medicarestatistics.humanservices.gov.au/statistics/mbs_group.jsp [accessed 07/10/2016]
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3. Hypotheses
Gravelle et al (2016) develop a model of price competition with vertical and horizontal
differentiation to inform the estimations of their empirical models on the same Australian dataset
we study in this paper. Their model predicts that markets with higher distances between GP
practices will lead to higher prices. Several studies have considered the theoretical implications
of variation in the motivation of physicians or healthcare providers more generally. Ellis and
McGuire (1986) provide a benchmark principal-agent model where physician’s trade-off
patient’s health benefit with volume of care. Typically, patients’ health benefit is maximised at
some optimum volume of care and physicians’ reimbursement incentives lead to over-treatment
or under-treatment relative to this optimum. A higher level of altruism would result in a
reduction in volume in the over-treatment case or an increase in volume in the under-treatment
case. This model is used by Godager and Weisen (2013) to estimate altruism levels from
experimental data on medical students’ treatment choices.
In our context pricing rather than volume is the outcome of interest. A similar trade-off exists in
that patients will always be better off with lower prices whereas doctors will prefer higher prices
conditional on their elasticity of demand being less than unity. The decision to increase prices
therefore reflects the trade-off between health benefit and profit suggested by Ellis and McGuire
(1986). We can infer that an increase in doctors’ monetary motivation, can only lead to no
change, or an increase in prices, ceteris paribus. Our first hypothesis to test is that GPs with
higher monetary motivation (a higher marginal utility of income) will charge higher prices.
In addition to the direct effect, monetary motivation may interact with the marginal effect of
financial incentives on behaviour. Siciliani (2009) includes motivation-crowding in a model
where strong financial incentives can themselves reduce the level of altruism (as in the literature
surveyed by Frey and Jegen, 2001) and shows how altruism can increase or decrease the effect of
financial incentives on the volume of care provided. In our context, the financial incentive is
given by the level of local competition faced by each GP, measured by distance to competing
practices. GPs facing, for example, a fall in local competition, may increase prices more if they
have a higher marginal utility of income than if they have a low marginal utility of income.
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Our second hypothesis is that GPs will respond to a fall in local competition by increasing prices
more if they have high monetary motivation than if they have lower monetary motivation.

4. Data
We use data from the first wave of the ‘Medicine in Australia: Balancing Employment of Life’
(MABEL) longitudinal survey of doctors. The methods of the survey are described in more detail
elsewhere (Joyce et al. 2010). The GP survey was sent to the population of 22,127 GPs in
clinical practice in Australia in 2008 (Wave 1 of MABEL). The response rate for GPs was
17.65% (3,873/22,137) after three reminders. Respondents were broadly representative to the
population of GPs in Australia with respect to age, gender, geographic location, and hours
worked (Joyce et al. 2010). Our estimation sample of 1698 is 10.3% of the population of 16,382
GPs in urban areas in Australia in 2008 (population data from the Australian Institute of Health
and Welfare 2010). The analysis uses data only on GPs in metropolitan areas of Australia as
there are extra payments and incentives for doctors in rural areas which can hinder simple
interpretation of the market environment. Our estimation sample averages are 48% female
(population 40%) age 50.1 years (population 50.5), total hours worked 38.3 (population 37.7).
Our sample therefore seems representative with respect to these key variables, with the exception
of gender, where female GPs are over-represented.
The estimation sample is also linked to local-area characteristics of the practice of each
responding GP using postcodes or Statistical Local Area codes. The 1698 GPs in the estimation
sample are located in 605 postcode areas with an average population of 18,588. We use
postcode area level data from the 2006 census on the population age distribution, ethnicity, selfreported disability, and socio-economic status measured by the Socio-Economic Index for Areas
(SEIFA).

The SEIFA Index of Relative Socio-Economic Advantage and Disadvantage is

constructed by the Australian Bureau of Statistics from 22 variables measuring education,
income, occupational structure, employment status, and family structure. Higher values
correspond to greater advantage and we expect postcodes with a higher SEIFA score to have
greater valuation of quality and thus to have GPs who set higher prices and provide higher
quality.
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The GPs in the estimation sample are located in 397 SLAs with an average population of 33,359.
We attribute SLA level data on median house prices and population density to GPs via their
practice address. House prices may capture higher premises costs for GPs and richer populations
who have a higher willingness to pay for GP services. In some SLAs there are additional
incentives for bulk-billing and we include a dummy variable to indicate these SLAs.

5. Methods
We adopt a two stage approach:
1. First we estimate a model of GPs income and other workplace preferences using data
from a DCE. The empirical model is used to produce estimates of monetary motivation
(the marginal utility of income) for each GP and examine its association with observable
GP characteristics.
2. Second we incorporate our estimates of GPs’ monetary motivation into the empirical
model of competition and pricing decisions
The first stage follows the analysis of Scott et al. (2013), who describe in detail the methods and
results of the DCE which was included in Wave 1 of the MABEL survey in 2008 and completed
by 3,685 GPs. DCEs estimate the parameters of indirect utility functions and the marginal utility
of each argument in the utility function (Lancsar and Louviere 2008, Louviere and Lancsar
2009). The DCE methodology is based on random utility theory, the discrete choice analog of
utility theory (Manski 1977). If earnings or income is included as an attribute, then the empirical
model provides a direct estimate of the marginal utility of income, as well as all other attributes.
The utility Unij and choice outcome Ynij of physician n for alternative i from choice set j is:

1

,
0

n = 1,...N;

1,2; j = 1,...J.
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(1)

where Xnij is a k-vector of observed attributes of alternative i including income, β is a k-vector of
marginal utilities of the attributes, including the marginal utility of income, and εnij is i.i.d. type 1
extreme value giving the multinomial logit model.
The model includes eight attributes, four with three levels, and four with four levels (Figure 1).
The income attribute in the experiment was defined as the percentage change in earnings with
levels of -15%, no change and +15%. We modified this attribute by multiplying the three values
of the independent variable (-15%, 0, +15%) by each GPs current annual earnings as reported in
the survey so the independent variables were expressed in terms of changes in absolute earnings
(in $000s) rather than percentages.
The levels of each attribute are varied across the alternatives according to an efficient fractional
factorial experimental design. This design produced thirty six alternatives. These were blocked
into four groups of nine choices, each with two alternatives. Each GP was randomly allocated to
be presented with one of the four versions, each containing nine pairs of alternatives.
Two job alternatives were presented to GPs (A and B) and they were asked which job (A or B)
do they prefer (forced choice), and then asked which job they would choose: A, B, and their
current job (status quo). The latter ‘status quo’ option was included to account for potential
status quo bias and reference dependent preferences. In practice, GPs chose their current job in
84% of choices (equivalent to 64% of GPs choosing their current job for all nine choices). For
scenarios where GPs choose the status quo alternative, no information is revealed about
preferences between the two alternative jobs in the experimental design. For this paper it is
important to maximise the amount of information about the preferences of each GP to obtain
accurate estimates of the marginal utility of income. Therefore, in contrast to Scott et al (2013),
for the main specifications we use data from the first forced choice to provide the maximum
information about preferences for each GP. We conduct a robustness check on the results using
the data including the status-quo option.
Unobserved heterogeneity in marginal utilities can be modelled using an extension of the
multinomial logit, the mixed logit model (MIXL):
12

(2)

where ηn is a k-vector of mean-zero individual -specific deviations from the mean marginal
utility such that βn is a k-vector of individual-specific marginal utilities of each attribute with a
distribution

F(βn;θ) specified by the researcher (Train 2009). The vector of parameters θ

(typically the means and standard deviations of the random coefficients βn) characterises the
distribution of βn.
We estimate an extension of the mixed logit model, the generalised multinomial logit model (GMNL), (Fiebig et al. 2010) which accounts for the possibility of scale heterogeneity: that the
variance of the error terms varies across individuals. The model is extended by modifying
1
,

where

~

0,1 , and

:
(3)

/2, so there are two extra parameters, τ and

, to be estimated. Scale heterogeneity may exist due to near-lexicographic preferences where
marginal utilities for some attributes are very high (ie scaled up); or at the other extreme can be
due to randomness of behaviour where the idiosyncratic error term dominates and an individual
is very unsure of their choices. Fiebig et al (2010) argue that the G-MNL model is flexible
enough to model data from these “extreme” respondents, therefore providing a much better fit to
the data.
For the purpose of this study, the important outputs from the GMNL are the individual-level
coefficient estimates which are available post-estimation. Where the βn are distributed according
to the distribution function

; , ,

the individual-level coefficients are the expected values

of the βn given the parameter estimates and the choices made by each individual:
|

,

; , ̂,

(Greene 2007). The intuition of these estimates is that the preferences of

GPs who face nine choice sets Xn will vary according to the specific sequence of alternatives Yn
they choose such that there is a distribution of coefficients βn. Two GPs who completed the same
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set of nine choices (Xn), and choose the same alternatives (Yn), will have the same individualspecific coefficient estimate of βn (Train 2009). The estimates of βn can be expressed as follows:

|

,

|

; , ̂,

,

|

; , ,

,

(4)

; , ,

where the integral can be approximated by taking draws βr from the distribution
calculating

the

|

; , ̂,

,

predicted

probabilities

Pr

|

,

and

generating

the

; , ̂,

,

simulated

:
∑

,

(5)

where the weights wr are given by:
Pr | ,
∑ Pr | ,
We specify a log-normal distribution for the income coefficient to embed an assumption of
monotonicity. All other random coefficients are assumed to have a normal distribution in the
initial model. A second, more parsimonious model was estimated using fixed coefficients for
those coefficients that did not have statistically significant standard deviations in the initial
model. This more parsimonious model was then used to estimate the individual-specific income
coefficients, or marginal utilities of income. The estimates of individual-specific marginal utility
were then standardised to have zero mean and standard deviation of 1 to aid interpretation.
The second stage of the analysis examines the association between the individual GP-specific
marginal utility of income estimated in the first stage and the response of GPs’ pricing decisions
to competition following the method of Gravelle et al (2016). The authors used pricing data from
the same survey used to conduct the DCE, Wave 1 (2008) of the MABEL survey. The survey
asked questions about prices charged for a ‘standard’ Level B consultation (which comprise over
80% of all consultations). Three main measures of prices were used, i) the proportion of patients
who are bulk-billed Fb, (charged only the level of the Medicare rebate m and face a zero
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copayment); ii) the average gross price p nb +m which is the Medicare rebate m plus the average
price paid by patients who are not bulk-billed, and; iii) the average gross price for all patients
m  1  F b  p nb .

To measure competition, Gravelle et al (2016) calculated straight line road distances between
each GP survey respondent and the other nearby practices in the population. In the analysis
presented here we use the 3rd nearest GP practice, but using the nearest or the 5th nearest does not
change the results qualitatively. A key issue in the previous literature is that competition is
usually measured at a small area level but where small area characteristics (e.g. schools,
availability of hospitals, amenities, practice costs) also influence the number of GPs in that area
and therefore competition. Our identification strategy uses distance to the other nearby GP
practices which varies both between and within areas, and use area fixed effects to control for all
unobserved area-specific factors that influence GPs supply in small areas.

The impact of

competition is therefore identified from within area differences in distance between GP practices,
whilst controlling for all unobserved characteristics of the area. The areas are small enough that
unobserved factors varying within areas and which correlated with within area variation in prices
and competition are negligible. More detail of the modelling are in Gravelle et al (2016). The
results of this earlier study show that GPs with more distant competitors charge higher prices and
are less likely to bulk bill (charge zero co-payment).
We estimate the same linear models as in Gravelle et al, allowing the marginal utility of income
estimates (estimated

|

,

; , ̂

for the income attribute which we rename MUY) to

enter as an explanatory variable to test whether it has a direct effect on competition. We also
include it as an interaction term with the measure of competition to test our main hypothesis that
the effect competition is greater for physicians with a high monetary motivation. Extending the
baseline model (equation 13) from Gravelle et al (2016):
∗
(6)
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The dependent variable ynr is one of the three alternative measures of prices. GPdistnr is the
distance to the third-nearest other GP practice in the population and it is interacted with MUYnr,
the estimated individual GP-level income coefficient from the first stage. The models also
include a set of GP characteristics, GPcharsnr (age, gender, spouse, dependent children,
Australian medical graduate, years of experience, whether a partner in the practice (selfemployed), and whether the practice is taxed as a company). We also include the characteristics
of the local geographic area (Statistical Local Area), Areacharsr including an index of socioeconomic advantage and disadvantage, median house prices, the proportion of population under
15 and over 65, the proportion disabled, the proportion of immigrants, and population density.
For each price variable, we estimate an OLS model, random and fixed area effects models, and a
Mundlak specification where area-means of GP-level variables are included as control variables.
If the marginal utility of income is a factor that influences GPs selection into geographic areas,
such as areas where expected profits are high due to high demand and/or few GPs, then this will
be accounted for through the area fixed effects which capture all unobserved area characteristics.
Identification now relies on between and within area differences in both the marginal utility of
income and distance to the 3rd nearest GP. To the extent that the marginal utility of income is
associated with life cycle and family factors of the GP, these are included in the set of
independent control variables in the second stage regression models.
As the estimated marginal utility of income is a generated regressor, the standard errors in the
second stage of the analysis are not consistently estimated using standard methods. To address
this potential error in our inference, we present robustness checks of the model where we
bootstrap the standard errors in the second stage regression by bootstrapping the whole two-stage
procedure. We use the non-parametric bootstrap with 200 replications. Bootstrapping a series of
two models, the first of which is itself estimated by maximum-simulated likelihood, runs into
serious constraints of computing time. Due to these constraints, we estimate a simplified version
of the GMNL model that ignores scale heterogeneity, the mixed logit model (equation (2)) with a
smaller number of random coefficients. We specify as random only the variables where every
level of the variable had a significant standard deviation in the original GMNL model (only the
on-call, location and earnings/income coefficients are specified as random) with other
16

coefficients ‘fixed’. For each sample (of 1698 doctors) drawn with replacement, we estimate the
mixed logit model (equation (2)), generate individual level-coefficients for the earnings attribute
(equation (4)), and run the fixed effects regressions of GPs pricing decisions (equation (6)).

6. Results
Table A1 in the appendix shows the coefficient estimates from the first stage of the analysis – the
GMNL model with a lognormally distributed earnings coefficient. This GMNL model was the
best fit of the data according to BIC in comparison to both an MNL and MIXL model and
compared to a GMNL model where the coefficient on earnings was normally distributed. The
statistically significant value of τ in the GMNL model suggests the presence of scale
heterogeneity, in addition the taste heterogeneity captured by the random coefficients. Figure 2
shows the distribution of the individual GP-level standardised marginal utility of income
generated from this model according to the procedure outlined in equations (4) and (5).
We present descriptive statistics on standardised estimates of MUY and the characteristics of
each GP in Table 1. Table 2 shows the association between the estimated marginal utility of
income and characteristics of each GP in a linear regression. This estimation sample is larger
(n=2,732) than that used in the competition model (n=1,698) due to item non response in the
pricing variables which produce missing values in the competition model. Our results show that
GPs aged over 65 years old have a higher marginal utility of income (0.32 of a standard
deviation), than those aged under 65. Models including alternative specifications of age (linear,
age squared, and 10 year age bands) had lower F-statistics and suggested that it is only the oldest
age groups that demonstrate an association with the marginal utility of income. Seven percent of
the estimation sample (n=183) are aged over 65 and their delayed retirement may indicate the
need to earn more income. We also used experience as an alternative to age, with a similar result
for those with more than 40 years of experience, but this model had a lower F-statistic.
The results also show GPs with higher annual household incomes are more likely to have a lower
marginal utility of income. This effect is nonlinear, and is statistically significant only for those
with incomes above the median annual household income of $208,500. Those above the median
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household income have marginal utility of income that is between 0.16 and 0.28 standard
deviations lower than those in the lowest 10% of the distribution of household income (less than
$100,000). This result is stable when the working spouse variable is excluded, as one would
expect household income and partner working to be correlated.
GPs who qualified from Australian medical schools have a lower marginal utility of income, by
0.22 of a standard deviation, compared to those who qualified in non-Australian medical schools.
There are also associations with current family circumstances. Those with dependent children or
a non-working spouse have a higher marginal utility of income.
Table 3 shows descriptive statistics for the estimation sample used in the analysis of competition.
The average price charged to all patients is almost AUD$42 and to non-bulk-billed patients is
AUD$50. Note in the estimations we use the natural log of the two alternative price variables.
The third dependent variable is the proportion of patients bulk-billed (charged zero co-payment).
An average of 61% of patients are bulk-billed. The primary measure of competition is the
distance to the third closest GP practice which has a mean of 1.51km. Again, we use the natural
log of distance in the estimations.
Table 4 shows the key results from 12 regression models, three alternative pricing variables over
four model specifications based on equation (6). Coefficients on log distance for the two price
models can be interpreted as elasticities. In the bulk-billing model the coefficient is the
percentage point change in the bulk-billing rate in response to a unit change in each explanatory
variable. The coefficient on the marginal utility of income represents a one standard deviation
increase in the marginal utility of income. The coefficients of interest are the direct effect of the
MUY on prices, and the interaction term between the marginal utility of income and the log of
distance.
The coefficients on the direct effect of distance to third closest competing GP practice mirror the
results in Gravelle et al (2016). While Gravelle et al find an elasticity of 0.017 for the average
price model, we find 0.015. The difference is caused by the inclusion of the MUY variables and
the smaller estimation sample in our model (1698 vs 1966), otherwise the models are identical.
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The estimated coefficient for the direct effect of MUY is always small and never statistically
significant across the alternative models. The interaction coefficient is statistically significant in
six of the 12 models. For the average price to all patients, the interaction is significant at the 1%
level only in the area fixed effects model. When examining the prices to non-bulk-billed
patients, the interaction is only significant in the fixed effects model at the 5% level. In the bulkbilling model, the interaction term is significant in all models, with the strongest effect in the
fixed effects model.
The direction of the effect is as expected. GPs facing higher distances to their competitors and
who have a higher marginal utility of income are more likely to charge higher prices compared to
those with a lower marginal utility of income. For example, in the area fixed effects model for
the average price to all patients, GPs with a marginal utility of income one standard deviation
higher than the mean, have a distance elasticity almost double (0.026) that of the average of
0.015. With an average price of $41.98, this is equivalent to a price change of $0.63 for the
average GP, and $1.09 for GPs who have a one standard deviation higher marginal utility of
income. In the bulk billing model, the impact of a higher distance on bulk billing rates for GPs
with a marginal utility of income one standard deviation higher than the mean, is a -4.98
percentage point reduction in the bulk-billing rate, almost double that of the average GP (-2.97).
An example of the full regression results for the area fixed effects model is shown in Table 5,
with and without the marginal utility of income and its interaction. Table 5 also presents a
robustness check where the MUY is estimated using the DCE data with the ‘status quo’ option, as
opposed to the forced choice. This model is estimated with a more parsimonious specification of
random parameters to aid convergence.3 The results of the robustness check show the interaction
term coefficient estimate retains the same sign and order of magnitude but is slightly smaller and,
with a larger standard error, is no longer statistically significant at conventional levels. This
result is consistent with the expectation that the model using the ‘status quo’ choice data
estimates the MUY with less precision as there is less variation in the data. The first stage choice

3

The model with the ‘status quo’ option data is estimated with only six random coefficients as opposed to twelve
random coefficients in the models estimated on the ‘forced choice’ data
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model results for the robustness check are presented alongside those for the main specification in
Table A1.
Table 6 presents estimates of the area fixed effects models from Tables 4 and 5, alongside
equivalent model estimates with bootstrapped standard errors as described at the end of section
5. The bootstrapped models have slightly different coefficient estimates as well as different
standard errors due to the simplified mixed logit model used to estimate the MUy variable in the
first stage. The models with bootstrapped standard errors have slightly larger standard errors for
the coefficients on MUy and the interaction between MUy and log distance. However, the results
are still statistically significant and very similar to those without bootstrapped standard errors.

7. Discussion
Heterogeneity in responses to financial incentives aimed at health care providers depends in part
on differences in the relative weight they place on profit. A high degree of altruism and prosocial motivation may mean that some health care providers are less likely to change their
behaviour in response to economic incentives. Though a feature of theoretical models of
physician behaviour for decades, what is missing is empirical evidence on how motivation
modifies the impact of economic incentives. As the public and private health care sector
continues to roll out pro-competitive policies and pay for performance schemes for physicians
and hospitals, evidence on their effects is mixed.

This paper finds that the degree of a

physician’s monetary motivation influences their response to economic incentives.
Specifically, our results show the effect of competition on the prices charged by GPs in Australia
depends on GPs’ marginal utility of income. GPs with higher marginal utility of income and who
are in less competitive areas, are more likely to charge higher prices compared to GPs in the
same areas with a low marginal utility of income. We find particularly strong effects on the
proportion of patients GPs choose to bulk bill, suggesting that this is the key margin on which
they price discriminate.
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We use a unique dataset that contains a DCE which was used to measure the marginal utility of
income for each responding GP. Data were also gathered on prices charged by GPs, and the
degree of competition was measured by distances to neighbouring general practices. We account
for the endogeneity of distance and of the marginal utility of income using area fixed effects.
These fixed effects accounted for unobservable characteristics of the local area that influence
GPs location decisions and prices charged.
There is evidence that the marginal utility of income varies depending on personal, family and
financial circumstances. GPs who qualified in an Australian medical school, and GPs with a
working spouse, have a lower marginal utility of income. Marginal utility of income is higher
for GPs with dependent children, for GPs aged over 65 years old, and those with lower
household incomes. One might therefore expect that these groups of GPs will react differently to
financial incentives. Changes in family composition, immigration policy, and eligibility for
retirement may alter the motivation of segments of the GP workforce in Australia and could
change the responsiveness of these GPs to financial incentives.
Our study does not directly measure altruism or pro-social motivation or examine the direct
trade-off with the marginal utility of income. Whether one can assume that those with a low
monetary motivation have a correspondingly high level of pro-social motivation depends on
what other objectives they may have, and the nature of the relationship between them. Our
results might also reflect the degree of intrinsic motivation of GPs. Those with a low monetary
motivation may also have low extrinsic motivation and high intrinsic motivation, which have
been shown to influence responses to the public reporting of performance and pay for
performance schemes in health care (Kolstad 2013).
A key assumption in our analysis is that the marginal utility of income from the DCE reflects the
GP’s ‘underlying’ marginal utility of income, specifically that the marginal utility of income
from choosing between jobs in the DCE is highly correlated to the marginal utility of income
when deciding how to react to a change in competition. The significant effects found in our
estimated models appear to validate this approach.
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There is some support for the existence of a pre-determined level of marginal utility of income
from neurophysiology. This literature links economic theories of rewards with behaviours by
observing brain activity (Fehr and Camerer 2007, Schultz 2006).

Money rewards have

consistently been shown to activate neurons (reward circuits) in the prefrontal cortex of the
brain, along with other types of rewards (O'Doherty et al. 2001, Knutson et al. 2005). As well as
the pursuit of goals being undertaken consciously, some studies suggest that the response to
monetary rewards can be unconscious or subliminal: in a given context a subject is unaware of
the motivation but the brain still responds and pursues the reward (Pessiglione et al. 2007,
Custers and Aarts 2010, Bijleveld, Custers, and Aarts 2011). This in turn suggests that the extent
of monetary motivation is pre-existing in the brain, and individuals may unconsciously pursue a
goal and invest effort in obtaining it. This, “relies on associations between the representations
of outcomes and positive reward signals that are shaped by one’s history (for example, when a
person was happy when making money or performing well). In this case, the goal is said to preexist as a desired state in the mind.” (Custers and Aarts 2010). If the goal representation is
‘primed’ unconsciously by a subliminal message or a factor associated with the goal or its
representation, then an individual can pursue the goal without being aware that the goal is being
pursued. There is also emerging research that the conscious awareness of the pursuit of monetary
goals may be counter-productive in some circumstances (Bijleveld, Custers, and Aarts 2011).
This literature therefore suggests that the extent of monetary motivation may be pre-determined
at the time at which a decision is made. This does not rule out that life events cannot influence
the level of monetary motivation – indeed we have presented some evidence of this. Further
research would be useful to examine how life events, particularly related to income shocks and
altruistic goals, influence the marginal utility of income. If the marginal utility of money is predetermined, then that also has implications for the causal effect of monetary motivation on
observed behaviours, where at least reverse causality can be ruled out. The neurophysiology
literature also suggests that monetary and other goals can be pursued unconsciously, suggesting
again that there is an inbuilt level of monetary motivation that influences decisions without
conscious knowledge of such activity.
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The data we use are cross-sectional and the measure of marginal utility of income is from the
same survey that also measured prices and earnings. In the future, longitudinal data can be used
to examine the relationship between the marginal utility of income and earnings growth, and
changes in competition. It will also be possible to repeat the choice experiment and examine
whether the marginal utility of income has changed over time, and what factors might influence
such changes.
When policy makers introduce financial incentives, they do not differentiate between different
types of physician when designing incentives. There is a one size fits all approach. However,
this may result in such incentives being ineffective on average, or only effective for certain subgroups of physicians.

Examining heterogeneity in response to financial incentives across

observable characteristics remains an important area for future research.

Examining how

responses to competition vary according to the marginal utility of income of each physician, can
potentially provide more accurate predictions of how doctors might react to changes in
incentives in the future.
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Table 1. Descriptive Statistics for estimation sample in Table 2 (n=2732)
Mean

sd

Min

Max

Standardised MUY

0

1

-1.37

7.62

Female

0.45

0.5

0

1

Dependent children
Age
Aged over 65 years old
Australian medical School
Spouse not working
Spouse working
Not living with a spouse

0.67
48.78
0.07
0.78
0.25
0.61
0.14
Mean
248,117

0.47
10.56
0.25
0.41

0
26
0
0
0
0
0
p25
150,000

1
88
1
1
1
1
1
p75
300,000

Household income ($)

30

Median
208,500

Table 2. Factors associated with the marginal utility of income1

Aged over 65 years old (=1)
Household income (percentiles)2
10% to 20%
20% to 30%
30% to 40%
40% to 50%
50% to 60%
60% to 70%
70% to 80%
80% to 90%
90% to 100%

Coeff.
0.315

se
0.084

-0.003
-0.037
-0.130
-0.033
-0.162
-0.270
-0.195
-0.280
-0.240

0.085
0.083
0.092
0.088
0.050
0.098
0.090
0.089
0.09

Australian Medical School (=1)
Female (=1)
Dependent children (=1)
Spouse working3

-0.222
-0.020
0.102
-0.106

0.046
0.041
0.045
0.048

Not living with a spouse/single3
Constant

0.122
0.122

0.067
0.084

Observations
F (15, 2716)
R-squared

2732
4.81
0.0259

Notes: 1 = OLS regression: dependent variable is the standardised marginal utility of income from Figure 2. 2. 2 =
omitted category is the bottom 10%. 3 = omitted category is spouse not working
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ple in compeetition mod
dels (n=1698)
Table 33. Descriptivve Statisticcs for estimaation samp
Meann

SD
D

M
Min

Max

41.9116
49.9773

9.0077
11.057

441.916
449.973

9.077
11.057

60.8554

31.266

60.854

31.266

41.9116

9.0077

441.916

9.077

0

1

-1.479

7.891

1.5311
-0.0002
0.4766
0.8666
0.6555
0.8144
0.2199
0.3766
0.2566
0.0799
0.0311
0.4533
0.2733
0.1699
0.2000
0.3344
0.1611
0

1.5562
0.9985
0.5500
0.3341
0.4475
0.3389
0.4414
0.4484
0.4436
0.2270
0.1174
0.4498
0.4445
0.3375
0.4400
0.4472
0.3367
1

0.003
-0.686
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
-4.521

12.569
23.777
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
2.242

0.2300
55.5552
0.1777
0.1344
0.0399
0.0822
0.0499
0.0411
0.0955
2.0200

0.4421
29.820
0.0047
0.0045
0.0014
0.0040
0.0042
0.0050
0.0080
1.5587

0
16.550
0.025
0.023
0.006
0.011
0.004502
0.002424
0.002374
0.019

1
302.2500
0.292
0.309
0.091
0.269
0.3005224
0.4219995
0.4962774
8.757

Dependdent Variables:
Av pricee all patients($$): m + (1-Fb)
Patients bulk-billed (%
%): Fb
Av pricee to non-bulk--billed($):
ndent variablees:
Indepen
Standarddized MUY
Third closest GP pracctice (km)
Ln(Third closest GP ppractice (km))
Female GP
Spouse
Childrenn
Australiian Medical Scchool
Experiennce 10-19 yeaars
Experiennce 20-29 yeaars
Experiennce 30-39 yeaars
Experiennce 40+ yearss
GP regisstrar
Partner oor associate
Practicee taxed as com
mpany
Practicee size: 2-3 GPss
Practicee size: 4-5 GPss
Practicee size: 6-9 GPss
Practicee size: 10+ GPs
SEIFA IIndex of adv/ddisadv
Incentivve area
Median House price (($0,000)
Proportiion of residentts U15
Proportiion 65+
Proportiion disabled
Proportiion NW Europpe
Proportiion SE Europee
Proportiion SE Asia
Proportiion Other
Popn deensity (pop/km
m2) ('000)

+m
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0.007
0.006

Price
to
non-bulk-billed
patients:
Ln (3rd closest practice km)
0.020
Standardized MUY
0.001

0.648

Standardized MUY
0.614

0.687

0.847

0.007

-1.19

0.632

-3.016

0.003

0.020
0.001

0.006

-0.005

0.017

0.615

0.704

0.802

0.007

0.007
0.006

0.004

0.004

0.005

Mundlak

-1.213

0.705

-3.038

0.003

0.019
0.000

0.006

-0.005

0.017

Coeff

0.623

0.710

0.989

0.006

0.011
0.006

0.004

0.004

0.007

se

-2.008

0.126

-2.97

0.013

0.019
0.005

0.011

-0.001

0.015

0.638

0.778

1.019

0.006

0.006

0.011

0.004

0.004

0.007

se

Area Fixed effects
Coeff
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Notes. For each dependent variable on the left, only the coefficients of distance and the marginal utility of income, and their interaction, are presented. All
models includes full set of controls.

MUY*ln(3 closest practice km)

-1.155

-3.199

Bulk-Billing rate:
Ln (3rd closest practice km)

rd

0.002

MUY*ln(3 closest practice km)

rd

0.004

0.005

MUY*ln(3rd closest practice km)

0.004

-0.005

Standardized MUY

0.005

0.018

Average price to all patients:
Ln (3rd closest practice km)

se

Random effects
Coeff

Coeff

se

OLS

Table 4. The effect of competition on prices

Table 5. The effect of competition on average price, detailed results (Area fixed-effects
models)

se
Coeff
0.007 0.015

se
0.007

With MUY (from
status-quo DCE)
Coeff
se
0.019
0.007

Without MUY
rd

Ln (3 closest practice km)

Coeff
0.016

With MUY

Standardized MUY
MUY*ln(3rd closest practice
km)
Female
Spouse
Dependent children
Australian medical school
Experience 10 to 19 yrs
Experience 20 to 29 yrs
Experience 30 to 39 yrs
Experience 40+ yrs
Registrar
Partner
Company
Prac Size: 2-3 docs
Prac Size: 4-5 docs
Prac Size: 6-9 docs
Prac Size: 10 or more
Constant

-

-0.001

0.004

-0.001

0.006

-

0.012

0.004

0.011

0.008

0.038
0.009
0.013
0.060
0.046
0.035
0.049
0.005
0.006
0.031
-0.003
-0.013
0.041
0.036
0.022
3.560

0.011
0.014
0.011
0.012
0.021
0.022
0.023
0.026
0.024
0.011
0.011
0.019
0.019
0.018
0.019
0.028

0.039
0.008
0.004
0.061
0.052
0.039
0.054
-0.008
0.017
0.032
0.001
-0.012
0.044
0.035
0.023
3.557

0.011
0.015
0.012
0.013
0.022
0.021
0.023
0.026
0.025
0.011
0.011
0.019
0.019
0.018
0.019
0.029

Observations
Number of groups
F-statistic / Wald (df)
R2

1698
382
6.51 (16)
0.077

1698
382
6.99 (18)
0.078

1627
373
5.99 (18)
0.0733

Corr (ui, xβ)

0.064

0.058

0.043

0.039
0.011
0.012
0.061
0.045
0.033
0.047
0.002
0.006
0.031
-0.003
-0.014
0.040
0.037
0.022
3.559

0.011
0.014
0.011
0.013
0.021
0.021
0.023
0.025
0.024
0.011
0.011
0.019
0.019
0.018
0.019
0.028
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Table 6: Models with bootstrapped standard errors
Area fixed effects

Area fixed effects
bootstrapped

Coeff

se

Coeff

se

0.016
-0.001

0.007
0.004

0.016
-0.004

0.007
0.005

0.013

0.004

0.011

0.005

Price
to
non-bulk-billed
patients:
Ln (3rd closest practice km)
0.019

0.011

0.019

0.009

Average price to all patients:
Ln (3rd closest practice km)
Standardized MUY
rd

MUY*ln(3 closest practice km)

Standardized MUY
MUY*ln(3rd closest practice km)

0.008
0.013

0.005

0.001

0.005

0.006

0.011

0.007

Bulk-Billing rate:
Ln (3rd closest practice km)

-2.742

0.997

-3.089

1.128

Standardized MUY
MUY*ln(3rd closest practice km)

0.062
-2.413

0.677

0.186

0.853

0.634

-2.017

0.727

Notes. Each cell of three coefficient estimates and three standard errors represents a different model estimation. The
first column of results reproduces the area fixed effects model estimates from Table 5. The second column of results
presents equivalent estimates, but with standard errors bootstrapped with 200 replications. In this column, the first
stage MUy estimates are produced from a simpler mixed logit model with a smaller number of random coefficients,
therefore they also produce slightly different coefficient estimates in the second stage
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Appendix 1.
Table A1. GMNL models used to recover individual-specific marginal utility of income

Gamma

Forced choice model
Coefficient
Coefficient
Mean
SD
-4.690
0.554
(0.112)
(0.172)
0.246
(0.016)
-0.246
(0.020)
-1.137
0.605
(0.036)
(0.033)
-0.082
0.089
(0.018)
(0.099)
0.585
0.128
(0.023)
(0.073)
-0.225
0.506
(0.024)
(0.027)
0.207
0.376
(0.022)
(0.030)
-0.021
(0.022)
-0.318
0.364
(0.019)
(0.024)
0.030
(0.018)
-0.418
0.382
(0.019)
(0.026)
-0.032
0.161
(0.016)
(0.043)
-0.272
0.399
(0.023)
(0.031)
0.007
0.146
(0.023)
(0.068)
0.108
(0.021)
-0.421
0.405
(0.023)
(0.030)
0.084
(0.019)
0.153
(0.021)
-0.029
(0.021)
0.000
(0.000)
0.211
(0.000)
0.551
(0.033)

Status-quo model
Coefficient
Coefficient
Mean
SD
-4.543
0.782
(0.100)
(0.056)
0.346
(0.032)
-0.330
(0.036)
-0.932
1.133
(0.045)
(0.034)
-0.135
0.711
(0.042)
(0.036)
0.146
0.896
(0.040)
(0.033)
-0.473
0.930
(0.044)
(0.032)
0.188
0.679
(0.043)
(0.032)
0.003
(0.031)
-0.362
(0.025)
-0.057
(0.022)
-0.303
(0.023)
-0.083
(0.026)
-0.381
(0.033)
-0.013
(0.045)
0.177
(0.027)
-0.211
(0.030)
0.103
(0.025)
0.048
(0.028)
-3.059
(0.055)
-3.200
(0.061)
0.162
(0.000)
0.002
(0.013)

Observations

31,905

28,719

Individuals

1698

1627

Log Likelihood

-17488

-8953

BIC

35323

18204

AIC

35043
3635.9
(34 df)

17964
40673.2
(29df)

Earnings ($‘000s)
Hours: 10% decrease
Hours: 10% increase
On call: 1 in 2
On call: 1 in 4, frequently
On call: 1 in 4, infrequently
Location: Inland, < 5,000
Location: Coastal, < 5,000
Location: Town, 5,000-20,000
Social interactions: Very limited
Social interactions: Average
Arranging locum at short notice: Very
difficult
Arranging locum at short notice: Rather
difficult
Practice team: GP & receptionist
Practice team: GP, rec. & nurse
Practice team: GP, rec., nurse & manager
Consultation length: 10 min.
Consultation length: 15 min.
Consultation length: 20 min.
Constant A
Constant B
Tau

Model Chi-sq
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Notes: the coefficient of earnings is assumed to have a lognormal distribution, hence the estimated means and standard deviations
of ln(βearn) are presented. Other coefficients with standard deviations are assumed to have normal distributions. For more detail
on the methods of the DCE, see Scott et al (2013)
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