Does insurance affect health care utilisation if
the health system is polarised? Evidence from a
South African natural experiment

Abstract
The current empirical literature suggests that health insurance only affects health care utilisation in
countries where the health care system is polarised. We investigate this hypothesis in the context of South
Africa, where apartheid era policies left the country with a highly polarised health care system. In order to
estimate the causal effect of health insurance, we exploit the exogenous variation in medical aid coverage
induced by the implementation of the Government Employees Medical Scheme. Two sets of data are
used to test firstly the effect of the initial implementation of this policy in 2007 and secondly the effect of
the continued roll-out between 2008 and 2012. Our identification strategy uses aspects of difference-indifference and instrumental variable estimators to identify the causal effect of health insurance on health
seeking behaviour. The results indicate that health insurance has a large effect on utilisation amongst
South Africans, and that this effect is mainly due to the increased usage of high quality medical services.
This result is found to be highly robust to the choice of dataset, sample period, specification and
estimator.
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1. Introduction
The demand for health services is notoriously difficult to disentangle from the demand for health
insurance. In any voluntary health insurance environment, individuals tend to self-select into health
insurance based on self-assessed risk and expected utilisation, leading to an overrepresentation of
individuals that are overly cautious, sick or wealthy amongst the insured. This may induce an artificial
positive correlation between health visits and insurance, which confounds the estimation of the causal
effect of insurance using observational data.
In an effort to better understand what health benefits universal coverage may offer, a number of
experimental studies have attempted to disentangle this relationship by allocating insurance or eligibility
for insurance exogenously, often via a lottery, thus enabling causal estimations of how insurance affects
health service utilisation and provider decisions (Card, Dobkin and Maestas, 2008; Finkelstein et al., 2012;
Levine et al., 2014; Thornton et al., 2010). These studies examine health care choices when insurance
facilitates access to better health services and/or lowers the cost of existing services. In developing
countries there is reliable and robust evidence that insurance influences provider choice and out-ofpocket expenditure, but with elusive public health benefits because there is frequently no impact on
health care utilisation. America is the exception. Experiments with insurance show a significant and
sizeable impact on utilisation. This may be attributable to the polarised American health system and the
consequent large perceived gap between the ex-ante scenario without insurance and ex-post scenario with
insurance.
Against the backdrop of this emergent literature on health insurance, we consider the launch of the
Government Employees Medical Scheme (GEMS) in South African in 2006 as a natural experiment in
expanding insurance coverage in a polarised health system. Under GEMS all government workers became
eligible for health insurance subsidies and low earning employees received a full subsidy for the most
basic benefit package, Sapphire. Under this scheme, no co-payments were required when using network
providers. GEMS has had a dramatic impact on South Africa’s medical schemes landscape. Between 2006
and 2012 while there was little growth in the rest of the medical schemes market, GEMS provided health
care cover to 370 000 previously uninsured households (Moloabi, 2013). Since its launch GEMS has
generated a steady stream of enrolments and by 2013 GEMS was still receiving 7000 monthly
applications, making it the fastest growing medical scheme in South Africa and the country’s second
largest.
The introduction of GEMS allows us to estimate how the extension of health care coverage to uninsured
public sector employees has impacted health care utilisation and provider choice. The South African
health system is an interesting case study to consider because of the polarised provider landscape.
Following the extreme contours of one of the world’s most unequal societies, there are dramatic
disparities between the health services available to the poor and the affluent. Private providers tend to
charge prices that are prohibitively expensive for most South Africans and consequently only a small
subsection of affluent individuals (often with comprehensive coverage) has reliable and frequent access to
these providers. While the private sector represents 52% of South Africa’s health expenditure, only 17%
of South Africans are medical scheme members. By contrast, public sector providers are visited almost
exclusively by the uninsured and less affluent segment of South Africa’s population.
Although there is no representative evidence on the gap in clinical quality between the private and public
health sector, there are glaring differences in access to nurses, doctors and specialist (McIntyre et al,
2007). GPs are usually the entry point into the private provider system, while nurses represent the entry
point for the public system. Survey analysis shows that public sector facility visitors are considerably more

likely to complain about rude staff, drug stock outs and long waiting times. At private clinics waiting
times ranged between 10 and 40 minutes versus 50 minutes to 3 hours at public sector clinics (Palmer,
2002). Consequently, it is not surprising that recent studies report substantial differences in the perceived
quality of care offered by private and public providers. A discrete choice study on the nature of
preferences for public healthcare in the Western Cape and Eastern Cape provinces of South Africa found
“a general preference not to utilize public health facilities” and concluded that if government wanted to
boost clinic visits, they would have to improve public health facilities (Honda et al, 2014: 9). Similarly,
McIntyre et al (2009:725) indicate that individuals were only willing to contribute to public health services
if they were assured of the quality of such health services.
Physical access and affordability are not significant constraints to demand. Public primary care services
are free and the enforcement of hospital fee payments is weak and variable. The General Household
Survey shows that in 2008 only 3.8% of the bottom quintile said they did not consult a health worker
because the facility was too far (Burger et al, 2012). Consequently, in the South Africa system the value of
health insurance lies primarily in it providing a gateway to better quality health care services. This was also
the conclusion of McLaren, Ardington and Leibbrandt (2013: 11) who argued that medical schemes play
an “important mediating role…in accessing higher quality private care”. In this way the polarisation of the
health provider landscape and specifically the large quality differentials between public and private
providers represent a rare opportunity to investigate the effect of an exogenous expansion of insurance
eligibility and subsidies in a health care system with highly variable service quality.
The research question is also of pragmatic value to local planning needs. In a South African context this
question is relevant and pertinent because it provides some indication of the magnitude of the demand
shifts that can be anticipated under the proposed National Health Insurance plan. The South African
government released a policy proposal on the implementation of a National Health Insurance (NHI)
scheme in 2011 (Government of South Africa, 2011).1 In the NHI policy proposal, it is suggested that the
NHI will contract in the services of general practitioners or doctors from the private sector (Government
of South Africa, 2011). Interpreting public sector employment as an exogenously administered expansion
of eligibility for insurance, our estimates provide a reliable benchmark of how the proposed NHI may
affect choices amongst providers, especially at the high volume entry level access points, i.e. public sector
clinics and private sector GPs. Providing an estimate of the size of such shifts can help to guide the
government’s workforce planning and inform their rationing and gatekeeping strategies.

2. Background
Insurance experiments in developing countries have often been disappointing from a public health
perspective, showing lower out-of-pocket expenditure and significant shifts from uncovered to covered
healthcare providers, but flat utilisation rates. A randomised control trial on the impact of Seguro Popular
in Mexico on utilisation and expenditure finds no impact on utilisation or on diagnoses over a 10 month
period but does find a reduction in out-of-pocket expenditure on health (King et al., 2010). The absence
of an impact on utilisation is ascribed to the short study period. Similarly, health insurance cover for the
poor in Vietnam successfully reduced out-of-pocket expenditure on health services but did not impact
total utilisation (Wagstaff, 2010). In rural Cambodia randomised allocation of insurance cover did lead to
changes in provider choice (Levine et al, 2014). The authors identified an increase in the use of covered
public health facilities for emergency health conditions, while the insured decreased their use of non1

If fully implemented, the NHI will provide universal health coverage to all South Africans. Although no further
details on the financing component of the proposal have since been publically released, government officials have
continued to refer to NHI as the government’s position on the future financing of healthcare in South Africa
(Gordan, 2014; Motsoaledi, 2014).

covered private health care and pharmacies (Levine et al, 2014). An insurance lottery in Nicaragua showed
no impact on overall utilisation but shifts towards the private and public facilities covered by the
insurance and a decrease in out-of-pocket expenditure (Thornton et al., 2010).
Due to the polarised provider market, the United States may be the most comparable to the South
African situation. Two recent experiments show significant impact on utilisation rates. Finkelstein et al
(2012) offered insurance coverage to randomly selected members of a group of low-income uninsured
adults in Oregon and found a notable and significant increase in out-patient and in-patient healthcare
utilization and a decrease in out-of-pocket healthcare expenditure and medical debt.
Card, Dobkin and Maestas (2008) find that eligibility for Medicare at the age of 65 leads to an increase in
health care utilisation. As expected, the use of lower cost services, e.g. doctor’s visits, was concentrated
amongst the elderly who had the lowest rates of insurance coverage before Medicare eligibility, while
higher cost and more elective type of procedures, e.g. bypass surgery and knee replacement, are mostly
used by the elderly who are more likely to have held supplementary health insurance after Medicare
eligibility.
Recent research in Philippines show that where health insurance is offered on a voluntary basis, there is
often a lag in the utilisation of the product due to a learning process, or understanding of the working of
insurance, that has to take place. Investigating household health decisions when a young child is
hospitalised, Quimbo et al (2008) find significant under-utilisation of benefits by newly enrolled
beneficiaries of PhilHealth. This effect was more pronounced at lower levels of maternal education. The
authors argue that the underutilisation could be due to a lack of awareness of the benefits provided by
PhilHealth.

3. The launch of the Government Employee Medical Scheme
The 1999 Remuneration Policy Review by the South African government identified a number of concerns
with health insurance provision, including “inequality in access to medical scheme cover, affordability
concerns, lack of value for money, spending inefficiencies and little integration with public sector health
care” (McLeod and Ramjee, 2007: 55). At the time less than half of employees had health insurance cover
(McLeod & Ramjee, 2007). 2
In response to these problems, a legal framework was drafted for the establishment of a government
employees medical scheme in 2002 (McLeod & Ramjee, 2007), following which GEMS was legally
registered in January 2005 and started to actively recruit members in January 2006 (GEMS, 2012). To
encourage government employees enrolled in open schemes to join the newly established health
insurance scheme in the absence of a track record on good administration and coverage, benefit options
were competitively priced3 and the government offered increased subsidies of 75% (cf. 66% for open
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It is, however, important to note that despite the criticism against the previous public sector approach to health
insurance, at the time GEMS was launched government employees were already receiving quite generous health
insurance subsidies. Government provided a subsidy of up to two-thirds of the cost of any health insurance scheme
selected by staff members (McLeod & Ramjee, 2007).
3 According to GEMS own comparisons in xxx, benefits were provided at a discount of 10% to 25% cf. other
medical schemes (refs).

schemes) to workers enrolled in GEMS.4 The government provided a 100% subsidy of the lowest tier
benefit option to employees on salary level 1-5 (equivalent to a threshold of R9000 per month in 2013). 5
Figure 1: Total lives (members and beneficiaries) covered by GEMS, 2006 - 2013
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Source: Total members and beneficiaries on 31 December of each year from GEMS annual reports 2006-2013.

Figure 1 shows steady growth in enrolment in GEMS between 2006 and 2013. By 31 December 2013,
GEMS covered more than 2.5 million lives via 684,281 government employees. These 2.5 million lives
represented 5% of the South African population and more than a quarter of the South African medical
schemes market. More than half of these members were previously uninsured (Moroabi, 2013). By the
end of 2013, 60.3% of public sector employees were members of GEMS (GEMS, 2013). 6
Enrolments increased gradually, but with little evidence of bias based on geographical reach or salary
bands. There were no precedence or priority treatment to any group in enrolment. The only exception is
new appointments, but given the high levels of unemployment in South Africa amongst the unskilled and
the prevalence of comprehensive insurance amongst skilled formal sector employees, such prioritisation is
unlikely to be a significant concern.
A survey of educational and health sector government employees confirmed previous findings on
constraints to insurance enrolment by identifying affordability, the perceived administrative complexity of
registration and lack of access to information about benefit options as constraints (Govender et al, 2013).
The study shows that individuals with lower levels of education were less likely to enrol (Govender et al,
2013).

4 To limit the government’s exposure to increasing insurance premiums, a cap was proposed for the subsidy
(McLeod & Ramjee, 2007). Initially the cap was R2020 but by 2013 the subsidy limit for Sapphire had increased to
R2760 for these workers (GEMS, 2013).
5
GEMS offer five benefit options: Sapphire, Beryl, Ruby, Emerald and Onyx. The Sapphire and Beryl schemes are
targeted at lower income employees. Sapphire beneficiaries were restricted to public hospitals and Beryl beneficiaries
were offered access to a network of private hospitals. Ruby, Emerald and Onyx were more generous and covered
hospitalisation in any private hospital. The Ruby option includes a personal medical savings account which can be
used for day-to-day medical expenses, while the Emerald and Onyx options offer comprehensive health coverage
for both private out-patient and in-patient providers and are mainly targeted at higher income earners. Emerald is
the largest scheme and has been designed to be comparable to health insurance packages offered by open schemes.
6
Health insurance coverage in the public sector is, however, likely to be higher than the 60.3% as employees who
were previously members of other schemes were allowed to retain their membership, albeit foregoing the more
generous subsidies for GEMS.

4. Methodology
4.1 Identification strategy
Our econometric model considers health seeking behaviour, , of individual at period . This is
expressed as a function of whether or not the individual has health insurance (in which case ℎ = 1,
otherwise ℎ = 0), as well as other observable ( ) and unobservable ( ) determinants
= ℎ +

+

[1]

The interest of our econometric analysis is primarily in identifying and estimating the causal effect of
insurance on health seeking behaviour, represented by the treatment effect parameter .
Medical scheme members effectively face an altered set of health service prices due to medical scheme
reimbursements but also subsidies and tax benefits associated with insurance. However, identifying this
effect using observational data is complicated by the fact that health insurance is not randomly
administered to individuals, but is rather the outcome of an expected cost-benefit analysis based on a
variety of considerations many of which are unobserved by the econometrician. We would expect
individuals with more resources, who place greater importance on good health or with a history of health
problems to be more inclined to seek expensive health care regardless of whether insured or not.
However, these are the same individuals who would have more to gain from medical insurance coverage.
A positive correlation between insurance and medical visits is therefore not necessarily indicative of the
causal effect of insurance on health care choice. Controlling for measures of perceived health, household
income and other covariates should partly address this problem, but some upward bias in the estimate of
is likely to remain due to the presence of unobservable resource constraints and preference factors. On
the other hand, if health insurance is measured with error then its effect on behaviour may suffer from
attenuation bias.
An instrumental variable strategy can identify the causal impact of insurance, but convincing instrumental
variables are notoriously rare. An instrumental variable is required to affect the inclination to have
medical insurance without directly affecting health seeking behaviour. Such an instrumental variable is
provided by the introduction of GEMS. In 2007 all government employees became eligible for insurance
subsidies, the subsidy was increased and there were significant efforts to provide attractive health
insurance coverage options for employees with low salaries. Crucially, GEMS only affected the behaviour
of public sector employees and their households, which suggest that other workers may – after making
the necessary adjustment for differences in composition – provide a useful counterfactual for behaviour
and choices in the absence of this scheme.
Our proposed identification strategy combines elements of the difference-in-difference and instrumental
variable estimators. In the first-stage regression we use a difference-in-difference approach that allows us
to extract the exogenous variation in health insurance due to the implementation of GEMS. Suppose
health insurance is determined according to the following process
ℎ =

+

+

+

+

[2]

where
is a public sector dummy variable ( = 1 if the individual is a government employee, and 0
represents the period health insurance effect and
is the additional post-GEMS
otherwise),
government employee effect. The public sector effect, , controls for the fact that public sector
employees may be different from other workers in unobservable ways that affect the health insurance
choice, while the time effects represent economy-wide changes in medical costs, health awareness and
other unobservable determinants of the decision to obtain health insurance. Finally, the coefficients are

defined so that
= 0 if < , where is the date of the implementation of GEMS. Equation [2] is
estimated by regressing medical scheme coverage on the observable covariates, a set of time dummies, a
public sector dummy and a public sector dummy interacted with time dummies for all periods since the
implementation of GEMS in 2006. It is worth noting that our use of time dummies allows for a more
general time trend than a specification that includes a linear time trend only. Furthermore, one can
explicitly test the validity of the assumption that public sector workers have a similar pre-GEMS time
trend as the rest of the economy by interacting the public sector dummy with all the period dummies and
formally testing whether = ⋯ =
= 0.
The coefficients on the time-government sector interactions represent the difference-in-difference firststage effects of interest. Under the assumption that
| , ,
= 0 it follows that
=

ℎ |

"
= 1, = ,
− ℎ | = 0, = ,
− ℎ | = 0, = − 1,
−
ℎ | = 1, = − 1,

"

and similarly for where > . Intuitively, if the time trend in health insurance coverage for those not
in the public sector provides an accurate counterfactual for how government employees would have
behaved in the absence of GEMS, then
represents the causal effect of GEMS on the probability of
having health insurance in period > for government employees. These effects can be consistently
estimated using OLS, and the estimates used to construct a predicted health insurance membership
variable ℎ$ which is purged of all endogenous variation. Rewriting equation [1] to include public sector
%+ & + ' +
and time dummies, and replacing health insurance with its predicted value, ℎ$ =
&
, produces the following reduced form equation:
= ℎ$ +

+(

+) +

[3]

A least squares regression of equation [3] will now provide a consistent estimate of the treatment effect,
as long as * | , , , ℎ$ + = 0. The crucial restriction is that variation obtained from our
instrumental variables must be uncorrelated to the unobservable determinants of health care choice after
. This is
conditioning on period, public sector employment and the vector of observable covariates
analogous to our assumption of a common trend in health insurance coverage for public sector
employees and the rest of the population in the absence of GEMS.
4.2 Estimation
The first and second stage equations of a two-stage least squares (2SLS) estimator are typically estimated
using the same sample. However, following the seminal article by Angrist and Krueger (1992), many
empirical studies have used a two-sample two-stage least squares (TS2SLS) approach to estimate the
treatment effect of interest. This approach is necessary when no single dataset contains the instrumental
variable, the treatment variable and the outcome variable, but there are two different datasets that contain
the instrumental and the treatment variables, and the instrumental and outcome variables, respectively. As
discussed in section 5, this is the case for the first part of our empirical analysis: one dataset contains data
on industry of employment and health insurance status, while another contains data on industry of
employment and health seeking behaviour.
The fact that the first and second stages are estimated with different samples does not pose provide a
problem for the identification of the parameter of interest. The assumption that
| , ,
= 0 is
sufficient to ensure consistent estimates of the coefficients in equation [2], and these estimates can then
be used calculate predicted values of ℎ$ in the second sample. If the assumption that
* | , , , ℎ$ + = 0 is also valid, then the second stage coefficients will also be consistently

estimated. Providing that both datasets are sufficiently large to invoke the law of large numbers, the fact
that we are using two samples rather than one does not affect the consistency of our estimate of .
However, the fact that the second stage regression uses a generated regressor means that the standard
errors of the estimates should be adjusted to reflect the sampling variability in this variable. This is
relatively simple to do for a single sample 2SLS estimator, but somewhat more complicated in the two
sample case. Inoue and Solon (2010) review the different approaches to estimating the covariance matrix,
and propose using the method first derived by Murphy and Topel (1985). A similarly appropriate, albeit
more computationally intensive technique is to use the bootstrap approach.

4.3 Heterogeneous and marginal treatment effects
The simplest interpretation of the 2SLS supposes that the effect of health insurance on medical visits is
the same for everyone in the population, in which case the treatment effect is a constant parameter. In
reality this effect may actually vary across individuals based on factors such as the individual’s state of
health, the distance to medical facilities and household income. From a choice theoretic perspective, one
would expect higher rates of health insurance coverage amongst those groups that have more to gain
from being insured, and this kind of sorting on gains complicates estimation of the treatment effect.
and , be the binary variables representing whether or
In order to investigate this issue formally, let
not the individual will visit a medical facility if insured and uninsured, respectively, and let - be the cost of
insurance. We denote the binary insurance variable as ., where . = 1 if insured and . = 0 if not. The
gross benefit of health insurance (expressed in terms of medical visits) is − , , while the net benefit is
− , − -. The fact that we cannot ever observe both potential health visit outcomes is the
fundamental problem of causal inference.
Suppose the econometrician observes a set of covariates that potentially affect health visits and the cost
of insurance, as well as instrumental variables / that affect only insurance costs. It is sometimes
convenient to express the potential treatment status for specific values of the instruments as . / .
Imbens and Angrist (1994) introduce the following three assumptions: 1) the potential health visits
and . 0 are independent of /| , 2) 1 . = 1| , / is a non-trivial function of /| , and 3) for
,,
any two values of 0, either . 0 ≥ . 0 3 or . 0 ≤ . 0 3 for all individuals. Under these
assumptions the 2SLS estimator can be shown to estimate the local average treatment effect (LATE). In
the case of our model and choice of instrument, this represents the average effect of health insurance on
the probability of seeking medical treatment for individuals whose insurance choice was affected by the
implementation of GEMS.
One drawback of the LATE interpretation is that the group of compliers need not be a representative
subsample of the population, in which case the LATE may provide misleading predictions of the effects
of other, as yet unobserved policies. This concern certainly applies to our use of GEMS, which only
affected public sector workers who did not already have insurance before the implementation of GEMS.
However, Heckman and Vytlacil (1999, 2005) demonstrate that the LATE assumptions can also be used
to estimate the marginal treatment effect (MTE) for various other groups that were unaffected by the
variation in the instrumental variables. This approach could potentially allow us to extrapolate our
estimated effects to parts of the population not yet covered by health insurance.
The Heckman and Vytlacil approach requires considering the behaviour of an economic agent who
makes rational decisions in a context of imperfect information about the future. Suppose that an

individual chooses whether or not to obtain insurance based on the net benefit they expect to derive from
insurance:
5
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where Ω is the information set at the time of making the insurance decision. Furthermore, suppose the
health outcome and cost variables can be expressed as linear functions of the observable determinants of
the medical visit, , and insurance costs /:
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Let be ;< . be the strictly increasing cumulative distribution function of 9. From the perspective of the
econometrician, who can observe , / but not
, , , 7 or 9, the conditional probability of having
insurance is
, / = 1 . = 1| , / = 1 (5
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This allows us to define a new variable 5 ≡ ;< 9 which is distributed uniformly over the unit interval.
The values of 5 represents the quantiles of the unobservable net benefit of health insurance, 9. High
values of 5 correspond to low values of
− , − 7 |Ω , e.g. a small unobservable effect of
insurance of medical visits or a high unobservable insurance cost. Such individuals will only purchase
insurance if their observable covariates are such that
, / , the conditional probability of being insured
is high enough to exceed 5 . The LATE assumptions ensure that 5 is independently distributed of /| .
Heckman (2010) shows that the LATE estimator obtained with a binary instrumental variable 0 ∈
0 , 0 3 " can be expressed in terms of the values of this unobserved variable
@AB

0 , 03 = *

−

,|

0

≤

5

≤

03 +

In other words, it is the average gross benefit for individuals with values of

5

between

0

and

03 .

Vytlacil (2002) demonstrates that the LATE assumptions also imply that the instrumental variables only
− , . through its effect on
affect the conditional expectation of the observable outcome = , +
the propensity score
,/ :
| ,/ = * | ,
, / +. This is a particularly useful property when
working with a multivalued instrument (or instrument vector). It follows that
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The MTE can now be defined as
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Intuitively, this is the average effect of a marginal change in the probability of having health insurance on
the probability of visiting a clinic for individuals with , . By decreasing the cost of insurance and
thereby increasing the conditional probability of having insurance
, / of certain workers, the
implementation of GEMS allows us to identify the effect of insurance on the health seeking behaviour of
workers with values of 5 that were close to the affected values of
,/ .
Since the left-hand side of equation [4] can be consistently estimated with sample data, it is possible to
identify the MTE by observing how health seeking behaviour changes when some individuals are induced
into health insurance due to exogenous variation in
, / . It is worth pointing out that, somewhat
counter-intuitively, individuals with high levels of
, / are used to identify the marginal treatment
effect for individuals with high values of 5 , i.e. those who have a low unobservable net insurance
benefit.
Equation [4] can be estimated using semi-parametric techniques but, as Carneiro et al (2011: 2761) point
out, conditioning on
nonparametrically can be very difficult when there are many covariates. An
alternative approach is to replace the LATE assumption that the potential outcomes are independent of
/| with the stronger assumption that these outcomes are independent of , / . In this case we can
estimate equation [4] by regressing observed medical visits on the list of control variables and a flexible
function of the estimated value of
, / , possibly a low order polynomial.

5. Data
The estimation strategy outlined above requires information on health seeking behaviour, health
insurance and the industry of employment from 2002 to 2012. Unfortunately, no single data set meets all
these criteria, so we pursue two alternative estimation strategies. The first utilises the reliable health
insurance and industry information in the labour force surveys (the biannual Labour Force Survey, or
LFS, from 2000 to 2007 and the Quarterly Labour Force Surveys, or QLFS, since 2008)7 and the useful
and detailed information on health services in the general household surveys (GHS)8. This approach is
required because the LFSs do not have any information on health seeking behaviour and the GHSs
undercaptures medical scheme membership during the crucial first years of GEMS (Figure 2). These two
datasets are then combined to produce a two-sample 2SLS estimate of the causal effect of interest. The
first-stage estimates equation [2] using the LFS/QLFS data, after which these estimates are applied to the
GHS data in order to estimate equation [3] with the instrumented insurance variable.
The second strategy uses the three waves (2008, 2010, 2012) of the National Income Dynamics Study to
estimate the first and the second stage of the instrumented variable regression. The National Income
Dynamics Survey is a nationally representative panel survey covering about 7000 households. Because the
first wave occurs in 2008, the data does not allow comparison with the pre-GEMS period and we
7

The LFS/QLFS collects information on the labour market status and activities of a sample of individuals living in
South Africa who are older than 14. It covers about 30 000 dwellings.
8
The GHS is an annual survey and aims to gather information on the circumstances and quality of life of
households. It includes approximately 25 000 households.

therefore use the gradual GEMS roll out (see Figure 1) and consequent increase in the likelihood of being
a member of a medical scheme amongst public sector workers over the four-year window to capture the
exogenous impact of GEMS.
Figure 2 below considers levels and time trends for beneficiaries and members, comparing the
administrative data from the Council for Medical Schemes with estimates from the General Household
Survey and the Labour Force Surveys. It is encouraging to see that the survey data tracks the
administrative data remarkably well – the only exceptions being a slight LFS overcount between 2002 and
2004 and a GHS undercount between 2006 and 2008.
Figure 2: Growth in medical scheme members and beneficiaries, 2002-2011
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Although our empirical strategy outlined in section 4 requires identifying public sector workers from the
survey data, both the GHS and the NIDS data only provide industry of employment information at the
one-digit ISO level. The labour force surveys (which provide more detailed industry data, as well as sector
of employment) reveal that there is substantial overlap between public sector employment and working in
the community and social services (CSS) industry. This suggests using being employed in this industry as a
proxy for government employment. Of course, this adds measurement error to our instrumental
variables, which may affect our estimates.
Although there are some (11%) public sector workers who work outside of this industry, the more serious
issue is that only 63% of workers in this industry are public sector workers. Our identification strategy
assumes that there is a common time trend in health insurance and health seeking behaviour that affects
all non-government workers, including the non-government workers in the CSS industry. This implies

that the OLS estimates of coefficient 3 in equation [2] will be attenuated by 0.63, since this coefficient is
the weighted average of the true GEMS effect on government employees and zero on the remainder of
the industry. Similarly, regressing health seeking behaviour on the interaction between the CSS industry
and the post-GEMS periods will suffer from the same attenuation rate. Since the 2SLS estimator can be
calculated as the ratio of these two effects, the attenuation effects will cancel out to produce a consistent
estimate of the causal effect of interest, even where some non-government workers are included in our
CSS industry variable.

6. Empirical analysis
6.1 GHS-LFS-QLFS analysis
We begin our analysis by investigating the trends in medical scheme coverage for government employees
and non-government employees between 2003 and 2008 using the LFS-QLFS data. The GHS ceased to
gather industry data for a number of years after 2008 and thus our analysis is limited to a three-year
window shortly after the introduction of GEMS in 2006. Figure 3 reveals that public sector employees are
substantially more likely than other working aged South Africans to have medical aid in all periods.
Furthermore, we can observe that trends for the two groups are very similar before 2006 but appear to
diverge thereafter, with government employees experiencing a more rapid increase in their likelihood of
having medical insurance. In fact, a formal test of the hypothesis of a common trends is not rejected for
the 2003-2005 years (with a p-value of 0.3464), but is rejected for the GEMS years of 2006-2008 (with a
p-value of less than 0.0001 and an F-test statistic of 22). The very similar pre-implementation trends
experienced by government employees and other working aged South Africans provides support for our
identification strategy of assuming that the time trend for non-government employees offers a
counterfactual for what would have happened to government workers in the absence of GEMS.
Figure 3: Share of working age individuals with medical scheme coverage, 2003-2008
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The results from the two-sample 2SLS analysis using the LFS/QLFS and the GHS are shown in Table 1
below. The first-stage regression results obtained without any controls (apart from year dummies and a
public sector dummy) in column 1 show that there is a positive and significant coefficient on the 2008
year interaction with government sector, validating the IV approach. The associated F-test statistic is
large, dispelling any concerns regarding weak instruments. According to the second stage estimates in

column 2 membership of medical schemes increases the likelihood that ill individuals will consult a health
worker by 77%. This effect is statistically significant when no adjustments are made for the fact that we
are using a generated regressor. However, once we calculate the standard errors via a bootstrapping
procedure9 (column 3), this effect is no longer statistically significant.
Next, we re-estimate the model while controlling for possible confounding factors: demographic
attributes (age, race and gender), year of schooling, province of residence and the skill level of occupation.
The results are shown in columns 4 to 6 of Table 1. The addition of control variables does not
substantially change any of the coefficient point estimates, but it does increase the precision of the
estimates. The first-stage F-statistic is larger than before and the estimated treatment effect of 76% is now
statistically significant even with the bootstrapped standard errors.
Table 1: Impact of insurance on utilisation, 2003 – 2008 (LFS/QLFS, GHS)
VARIABLES
Public sector

(1)
Medical aid
0.365***
(0.00287)

Medical aid (predicted)
Public sector*2006
Public sector*2007
Public sector*2008
Observations
R-squared
F-test
Year effects
Fixed effects
Control variables
Bootstrapped s.e.
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

-0.0294***
(0.00576)
-0.000259
(0.00565)
0.0287***
(0.00442)
332,532
0.110
33.69
Y
N
N
N

(2)
(3)
Medical visits
-0.206
-0.206
(0.146)
(0.204)
0.766*
0.766
(0.397)
(0.558)

18,937
0.011

18,937
0.011

Y
N
N
N

Y
N
N
Y

(4)
Medical aid
0.227***
(0.00271)
-0.0249***
(0.00521)
0.00337
(0.00511)
0.0440***
(0.00401)
329,692
0.276
66.86
Y
N
Y
N

(5)

(6)
Medical visits
-0.124*
-0.124
(0.0748)
(0.0971)
0.757**
0.757*
(0.320)
(0.413)

18,774
0.026

18,774
0.026

Y
N
Y
N

Y
N
Y
Y

A closer inspection of the first-stage coefficient estimates reveals a surprising result: there occurred a
temporary decrease in the share of public sector workers who reported having medical scheme coverage
in 2006. The administrative GEMS data in Figure 1 demonstrated that take-up of this scheme was very
low in 2006 and substantial enrolment only occurred from 2007 onwards. It is possible that during the
implementation of GEMS some public sector workers perceived themselves (correctly or incorrectly) to
be in a transitory phase between their old and new medical insurance schemes. We therefore perform two
robustness checks in order to confirm that our results are not driven by this anomaly. First, we reestimate the two-sample two-stage least squares model on the full sample, but now under the assumption
that GEMS was only implemented in 2007. These estimates are reported in columns 1 and 2 of Table 2.
Next, we re-estimate the model after omitting 2006 from the sample. These regressions include control
variables and the standard errors of the second stage regressions are bootstrapped, so the results can be
compared to those of columns 4 and 6 of Table 1.The results are similar to those obtained before, with a
no indication of a weak instrument problem in the first stage, and a large positive effect of having medical
insurance on medical visits if ill. In fact, none of these results differ significantly from those obtained
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All bootstrapped standard errors are calculated with 50 repetitions.

from our earlier assumptions, so we conclude that the temporary reduction in public sector health
insurance in 2006 does not affect our results.
Table 2: Impact of insurance on utilisation, with different sample and treatment years

VARIABLES
Public sector

(1)
Medical aid
0.221***
(0.00238)

Medical aid
(predicted)

(2)
Medical visits
-0.184**
(0.0933)

(3)
Medical aid
0.224***
(0.00276)

1.016**
(0.396)

(4)
Medical visits
-0.236**
(0.113)
1.214**
(0.480)

Public sector*2006
Public sector*2007
Public sector*2008
Sample year
Treatment years

0.00958*
(0.00495)
0.0502***
(0.00379)
2003-2008
2007-2008

Observations
329,692
R-squared
0.276
F-test
88.81
Year effects
Y
Fixed effects
N
Control variables
Y
Bootstrapped s.e.
N
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

0.00368
(0.00517)
0.0443***
(0.00405)
2003-2005 & 2007-2008
2007-2008

348,466

Y
N
Y
Y

278,770
0.278
64.24
Y
N
Y
N

294,451

Y
N
Y
Y

In Table 3 we also report the results from three additional tests of the robustness of our estimates and the
validity of our identifying assumptions. Columns (1) and (2) replicate the results from Table 1 estimated
over a longer period that now stretches back to 2000. Although the estimated treatment effect is now
somewhat smaller, the essential results are seen not to be particularly sensitive to our choice of sample
period. Perhaps the main concern with most difference-in-difference analyses is the identification of a
valid control group. Individuals working in the public sector are likely to be very different from those
working in, for example, the agriculture or mining industries, so we re-estimate the model with a smaller
control group consisting only of employees in manufacturing, construction, wholesale and retail and
financial services. These estimates (reported in columns (3) and (4)) are very similar to what was obtained
in our preferred specification in Table 1. Finally, columns (5) and (6) contain the results for a placebo
intervention in which we estimate the effect of being in the transport, storage and communication
industry during the GEMS years (relative to all other industries excepting the public sector). We observe
that the first stage regression produces a very small F-test statistic, while the second stage treatment effect
estimate is highly insignificant.

Table 3: Robustness checks on estimated impact of insurance on utilisation
(1)

(2)

(3)

VARIABLES

Medical aid

Medical visits

Public sector

0.210***

-0.0799

(0.00198)

(0.0596)

Medical aid (predicted)

Medical aid

(4)
Medical
visits

Medical aid

(6)
Medical
visits

0.247***

-0.194

0.0931***

-0.0242

(0.00307)

(0.133)

(0.00442)

(0.161)

0.603**

1.002*

(0.266)
Public sector*2006

(5)

0.610

(0.540)

(1.748)

-0.00148

-0.0275***

-0.0188**

(0.00486)

(0.00587)

(0.00884)

Public sector*2007

0.0270***

0.000584

-0.000217

(0.00476)

(0.00577)

(0.00856)

Public sector*2008

0.0690***

0.0359***

0.00670

(0.00356)

(0.00455)
2003-2008

(0.00672)
2003-2008

Sample years

2000-2008

Treatment industries
Counterfactual
industries
Observations

472,483

CSP services

CSP services

Transport, storage &
communication

All others

Manufacturing,
Construction, Wholesale
& retail, Financial
services

All others (excl. CSP
services)

494,467

221,853

234,662

265,340

R-squared

0.270

0.274

0.217

F-test

132.9

41.02

2.578

279,870

Year effects

Y

Y

Y

Y

Y

Y

Fixed effects

N

N

N

N

N

N

Control variables

Y

Y

Y

Y

Y

Y

Bootstrapped s.e.

N

Y

N

Y

N

Y

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

We conclude our econometric analysis of the series of cross-sectional household surveys by estimating
the MTE. In a model that allows for heterogeneous treatment effects, the 2SLS estimates reported above
represent the expected treatment effect (on the probability of visiting a medical facility if ill) for those
individuals whose decision to obtain medical insurance were affected by the GEMS policy. If we return
temporarily to our model without control variables in column 1 of Table 1, we see that in 2008 this group
of compliers consisted of 2.87% of public sector employees who would have had a 57% probability of
insurance even in the absence of GEMS. The LATE measures the weighted average of the marginal
treatment effect for this small and perhaps unrepresentative group of employees.
Adding covariates and the stronger independence assumption referred to in section 4.3 allows the analysis
to track the behaviour of individuals over a wider range of propensity scores. Our second-stage regression
now includes the predicted value of the first-stage regression (the propensity score) as a third-order
polynomial, which allows incremental changes in the likelihood of probability of being insured to have
different effects on the probability of visiting a medical facility. Plotting the first derivative of this
function for different values of the propensity score produces the marginal treatment effect: the expected
effect of obtaining medical insurance on the probability of visiting a medical facility for someone who

induced into treatment at different propensity scores. This curve is shown to be a decreasing function of
the probability of having insurance, which means that the effect of insurance on medical visits is usually
larger for those who are also more likely to have insurance. This type of “sorting on gains” is exactly what
we would expect if individuals rationally choose whether or not to have insurance based on factors such
as the availability of high quality medical facilities. It also suggests that any policy that extends the
coverage of medical insurance to more households is likely to have smaller effects on medical visits.
Figure 3 also plots the weighting function that applies to the 2SLS estimates that uses GEMS as its
instrumental variables. We observe that our choice of instruments attach more weight to individuals near
the middle of the propensity score distribution, where the MTE is in the [0.7,0.85] range. Since these
individuals have a higher than average marginal treatment effect, the GEMS natural experiment produces
a high LATE.
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Figure 3: Marginal treatment effect and LATE weighting function
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6.2 NIDS analysis

Table 2 shows the first-step of our NIDS instrumental variable regression. The industry variable is based
is self-reported and contains various contradictions. We therefore consider various options to filter the
noise and compare the first stage estimates across three options. The first column shows estimates for the
raw variable prior to applying any filters. Government sector employees are 46% more likely to have
health insurance than other (private sector or non-working) South Africans. The time coefficients
demonstrate a small but significant decreasing trend in health insurance over time, which is not surprising
given that our panel coincided with a recessionary period. The interaction between public sector

employment and the wave 2 and 3 dummies shows that public sector employees were increasingly likely
to obtain health insurance, although these effects are small and statistically significant. This result does
not reflect the enrolment numbers from GEMS showing a steady steep trend (Figure 1).

Table 2: First-stage estimates of likelihood of being insured (NIDS 2008 – 2012)

VARIABLES
yr2010
yr2012
Govt
govt2010
govt2012

(1)
medical_aid2

(2)
medical_aid2

(3)
medical_aid2

-0.0223***
(0.00420)
-0.0309***
(0.00414)
0.463***
(0.0110)
0.0229
(0.0155)
0.0116
(0.0152)

-0.0223***
(0.00414)
-0.0320***
(0.00408)

-0.0170***
(0.00417)
-0.0204***
(0.00409)

govt_ten2

0.519***
(0.0118)
0.0477***
(0.0168)
0.0343**
(0.0163)

govt_ten22010
govt_ten22012
govt2_clean

0.141***
(0.00279)

0.519***
(0.0119)
0.0408**
(0.0175)
0.0894***
(0.0185)
0.141***
(0.00282)

43,028
0.133
4.339

43,028
0.116
11.70

govt2_clean2010
govt2_clean2012
Constant

0.139***
(0.00283)

Observations
43,028
R-squared
0.119
F-test
1.095
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

There are at least two reasons why the estimates from the NIDS data could under-estimate the effect of
GEMS on health insurance. Firstly, due to administrative bottlenecks and recall errors, there may be a lag
between starting work in the public sector and reporting that you have health insurance in a household
survey. Secondly, and probably more seriously, if the public sector employment variable is captured with
error then that will also downwardly bias the effect of GEMS in our estimates. We attempt to address
these concerns using alternative definitions of public sector employment. The regression reported in
column 2 only uses public sector employees who reported having at least 2 years of tenure. In column 3
this variable is further cleaned using the reported employer from the other waves as well. For example,
this definition ignores individuals who claimed to be unemployed in wave 1 and to have been employed
in the public sector for 5 years in wave 2. The results from columns 2 and 3 show larger government-time

interaction effects, which indicates confirms our concerns of health insurance and reporting lags and
coding errors. The F-tests indicate that the instruments in column 3 have a strong relationship with the
likelihood of having insurance and weak instruments are therefore not a concern.
Appendix Table 1 investigates who benefitted most from GEMS in terms of an increased likelihood of
having health insurance. The probability of being insured is estimated separately for government
employees (column 1) and the rest of the population. We see that coverage is higher amongst females, the
highly educated and members of high income households, and that this pattern is more pronounced in
the public sector than elsewhere. Coverage is also observed to be lower for blacks and coloureds than for
whites and Indians, although these effects are weaker in the public sector. The interaction between time
and these covariates for the public sector help us understand which groups experienced a sharper increase
in insurance during the implementation of GEMS. Males and those with lower levels of education seem
to have benefitted disproportionately. Although the public sector interactions with household income are
not significantly themselves, they are significantly different from the pattern for the rest of the population
(where insurance amongst poorer household declined, potentially due to economic recession). This
indicates that public sector employees in poor households experienced an increase in coverage relative to
what would have happened in the absence of GEMS. In line with intuition and expectations, the effect of
GEMS appears to have been larger for those groups who were the least likely to have been insured prior
to its implementation.
Our analysis starts with a pooled OLS regression on the determinants of having visited one of three types
of health care facilities (private care, public care or no care) in the previous year. Due to endogeneity
concerns, the coefficients reported in Table 3 are interpreted as partial correlations between equilibrium
outcomes rather than treatment effects. Columns 1 and 2 consider the determinants of whether
individuals opted to visit a private health care facility. Membership of a medical scheme was associated
with a rise of 25% and 4% in the likelihood of consulting a private doctor and visiting a private hospital
respectively. It was also associated with a 5% and 10% decline in the likelihood of visiting a public
hospital and consulting a public doctor respectively. In the reported model specifications we control for
trends, demographic factors, education, income, reported symptoms and geography.
The control variables have the expected signs. Being white or Indian, female, older, richer, better
educated, reporting bad health, and living in urban areas or in the Free State, Western Cape, Mpumalanga
or Gauteng provinces are associated with a higher likelihood of consulting private providers.
Table 3: OLS estimates of effect of health insurance on choice of health facility

VARIABLES
medical_aid2

(1)
Private
doctor

(2)
Private
hospital

(3)
Public
hospital

(4)

(5)

Public clinic

Other

0.255***
(0.00508)

0.0372***
(0.00188)

-0.0480***
(0.00380)

-0.0945***
(0.00528)

0.000350
(0.000677)

49,980
Y
N
Y
Y
Y
Y

49,980
Y
N
Y
Y
Y
Y

49,980
Y
N
Y
Y
Y
Y

49,980
Y
N
Y
Y
Y
Y

Observations
49,980
Wave effects
Y
Fixed effects
N
Demographic controls
Y
Education & Income
Y
Symptoms
Y
Geography
Y
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Using a comparable model specification Table 4 reports the coefficients on the instrumented insurance
variable from the second stage regression. These estimates show that belonging to a medical scheme
increases the likelihood of seeking care (over the next 5 months) by 71%. It is encouraging that this
estimate is comparable to that from the first IV strategy, which uses a different set of data (GHS & LFS)
and considers an earlier phase in the life of GEMS (2007 & 2008).
Table 4 also shows a sizeable increase in the likelihood of consulting a private doctor (66%) and a private
hospital (12%). There is a predicted increase in public hospital use and a strong decrease in public clinic
use, but neither of these effects is significant.
The instrumental variable estimates are higher than the OLS estimates from Table 3. The OLS variables
may be contaminated by measurement error and unobserved heterogeneity. Unobserved heterogeneity
relating to adverse selection into insurance is expected to inflate OLS estimates relative to IV estimates.
However, the IV estimates in Table 4 are larger than the OLS estimates, which could point towards a
large role for measurement error. Alternatively, and perhaps more plausibly, the difference could be due
to the IV capturing local average treatment effects (LATE) that attach more weight to those more
affected by the GEMS policy. If this medical scheme drew new members mainly from households where
individuals often chose to obtain no care and very rarely sought private care, then we would expect a
larger effect on health seeking behaviour than for the OLS estimates capturing marginal effects that are
dominated by the traditional corps of insured individuals.
Table 4: 2SLS estimates of effect of health insurance on choice of facility
(1)
VARIABLES

Any care

(2)
Private
doctor

medical_aid2

0.705***
(0.207)

0.662***
(0.155)

0.121**
(0.0550)

0.0602
(0.110)

-0.135
(0.151)

-0.00978
(0.0195)

49,980
Y
N
Y
Y
Y
Y

49,980
Y
N
Y
Y
Y
Y

49,980
Y
N
Y
Y
Y
Y

49,980
Y
N
Y
Y
Y
Y

49,980
Y
N
Y
Y
Y
Y

Observations
49,990
Wave effects
Y
Fixed effects
N
Demographic controls
Y
Education & Income
Y
Symptoms
Y
Geography
Y
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

(3)
Private
hospital

(4)
Public
hospital

(5)
Public
clinic

(6)
Other

6. Conclusion
The introduction of the GEMS created a natural experiment in the extension of health insurance
eligibility. The aims of GEMS included improved equity and affordability of health insurance offered to
government employees. It therefore involved an expansion of subsidy eligibility, a concerted effort to
create more affordable benefit options for lower tier government workers and an increase of subsidies
across the range, but also in particular for lower tier workers who qualified for a full subsidy for the most
basic benefit option.

As expected in South Africa’s polarised provider market, insurance causes a large response in both
utilisation and provider choice. Our estimates from the two strategies show similar results and provide
evidence of a very large impact of insurance cover (62 to 71%) on the utilisation of health services.
Insurance increases the likelihood of using private providers and in particular private doctors (66%).
We interpret these results against the backdrop of a growing body of evidence showing strong
preferences for private providers amongst South Africans. GEMS was designed partly to promote
utilisation of government health facilities amongst government employees and help to generate additional
revenue flows for public facilities. However, the research shows a strong shift away from government
providers. Analysis of scheme data shows that even amongst the low salaried government employees,
very few opted for basic benefit schemes that do not offer comprehensive private hospital cover.
While problems with the quality of public sector services are increasingly acknowledged, this analysis also
clearly indicates the link between quality and quantity. Providing better quality of the health services to
those without medical scheme coverage is likely to boost the per capita number of visits, which can yield
significant public health benefits. For our “treated” subgroup, there appears to be few other significant
constraints to demand that cannot be overcome if they can access high quality services at a low cost. It is
however important to bear in mind that while this subgroup may be distinct from the traditional core of
medical schemes, they are employed and therefore also distinct from the lowest quintiles of South African
society. Poor households are likely to face harsher trade-offs and factors such as transport costs and
childcare worries may be binding constraints for this group, even when the quality of health care services
has vastly improved.
The analysis also offers useful inputs for the planning process supporting the pilot and launch of National
Health Insurance. The large responses in utilisation and provider choice suggest that providing access to
private doctors at no cost to the user is likely to cause a large increase in total utilisation, most of which
will be directed towards these private doctors. Again, the demand response of our “treated” subgroup
may overestimate the response of poor South Africans that face more constraints, but in lieu of other
evidence such upper bound estimates can help set parameters for scenario-based forecasts to ensure
adequate workforce planning. Given the pressure on public health budgets and the lack of doctors and
nurses, these estimates also highlight the need for effective and fair rationing strategies and renewed
emphasis on gatekeeping to accompany other NHI health reforms.
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Appendix
Table A1: The effect of GEMS on health insurance, by sector

VARIABLES
lpercy
female
educ
race1
race2
race3
yr2010
yr2012
lpercy_2010
lpercy_2012
female_2010
female_2012
educ_2010
educ_2012
race1_2010
race1_2012
race2_2010
race2_2012
race3_2010
race3_2012

Observations
R-squared
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

(1)
Public sector

(2)
Others

0.175***
(0.0192)
0.0337
(0.0327)
0.0249***
(0.00545)
-0.0892**
(0.0445)
-0.121*
(0.0677)
-0.107
(0.0982)
0.139***
(0.0449)
0.130**
(0.0538)
-0.0112
(0.0272)
-0.00711
(0.0305)
-0.110**
(0.0495)
-0.00909
(0.0529)
-0.0179**
(0.00831)
-0.0148*
(0.00888)
-0.0361
(0.0703)
0.00712
(0.0788)
-0.00119
(0.103)
0.177
(0.115)
0.0963
(0.149)
0.178
(0.157)

0.0981***
(0.00222)
0.000959
(0.00456)
0.00817***
(0.000622)
-0.306***
(0.00887)
-0.288***
(0.0112)
-0.188***
(0.0166)
0.00889**
(0.00345)
-0.0218***
(0.00343)
0.00309
(0.00332)
0.0141***
(0.00333)
-0.00357
(0.00672)
-0.00406
(0.00659)
0.000398
(0.000924)
0.000846
(0.000919)
-0.0471***
(0.0144)
0.0482***
(0.0143)
-0.0612***
(0.0175)
0.0396**
(0.0172)
0.0158
(0.0247)
0.0702***
(0.0249)

1,825
0.228

41,132
0.337

