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Abstract
We apply parametric and nonparametric regression discontinuity methodology
within a multinomial choice setting to examine the impact of public health care
user fee abolition on health facility choice using data from South Africa. The
nonparametric model is found to outperform the parametric model both in- and
out-of-sample, while also delivering more plausible estimates of the impact of user
fee abolition. In the parametric framework, treatment effects were relatively constant, around 7%, and that increase was drawn equally from both non-treatment
and private treatment groups. In the nonparametric framework, on the other hand,
treatment effects were largest for the least well-off (also around 7%) but fell for
the most well-off. More plausibly, that increase was drawn primarily from the nontreatment group, suggesting that the policy favoured those least well-off as more
of these children received at least some minimum level of health care after the policy was implemented. For the most well-off, despite having access to free public
health care, children were still far more likely to receive health care at private facilities than at public facilities, which is also more plausible in South Africa’s two-tier
health sector.
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Introduction

Although Thistlethwaite & Campbell’s (1960) regression discontinuity (RD) methodology did not, initially, receive much attention in economics, RD applications have become increasingly prevalent; see the recent reviews by van der Klaauw (2008) and Lee
& Lemieux (2010) by way of illustration. RD is likely to underpin empirical assessment
of policy impacts for the foreseeable future, particularly given the recent authoritative
guide by Imbens & Lemieux (2008) that facilitates its implementation. As highlighted
in the aforementioned reviews and guide, part of RD’s appeal lies in delivering visual
summaries of policy effects that are immediately accessible to the practitioner and policy analyst alike. In many cases, it is possible to instantly summarize and communicate
changes in average outcomes at the RD threshold, even when that threshold is fuzzy.
RD analyses tend to focus on average treatment effects, typically through the application of linear parametric ordinary least squares. If the threshold is fuzzy, however, the
construction of local average treatment effects on compliers via linear parametric twostage least squares is often adopted (Imbens & Angrist 1994). Linear regression models
remain popular in this setting, even when the outcome data is discrete.1 An early example applying the so-called linear probability model (i.e. linear regression with discrete
outcomes) can be found in DiNardo & Lee (2002), but more recent examples abound; see
by way of illustration Silles (2009), Lindeboom, Llena-Nozal & van der Klaauw (2009),
Kerr, Lerner & Schoar (2010) and Arcand & Wouabe (2010). With respect to multinomial discrete outcomes, both Lalive (2008) and Schmieder, von Wachter & Bender (2012)
treat discrete duration data as if it were continuous in a linear parametric regression
setting. Sometimes discrete outcome data is treated as if it were continuous via the construction of cell means; see Lemieux & Milligan (2008) and Carpenter & Dobkin (2009)
by way of illustration;2 see also Zuckerman, Lee, Wutoh, Xue & Stuart (2006) who apRegression models estimate a conditional mean, E(Y ∣x), as opposed to a conditional probability,
P r(Y = y∣x). For the binary (0/1) outcome case these objects coincide since E(Y ∣x) = 0 × P r(Y =
0∣x) + 1 × P r(Y = 1∣x) = P r(Y = 1∣x) (this does not hold for multinomial discrete outcomes). But with
linear regression and a binary outcome, the estimated conditional mean can lie outside [0, 1] thereby
violating basic axioms of probability, and is often avoided for this (and other) reasons; see Aldrich &
Nelson (1995) for details.
2
In addition to parametric linear models, Lemieux & Milligan (2008) and Carpenter & Dobkin (2009)
consider local linear nonparametric regression; see below.
1
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ply linear least squares methods to discrete count data. Similar approaches include Coe
& Zamarro (2011), who re-categorize some of their multinomial outcomes into binary
outcomes then proceed with linear probability models (though they mention considering
probit models for the binary outcomes, they did not report these results). A nonparametric approach, on the other hand, might instead proceed by treating and modeling
variables according to their natural domain, i.e. ‘nominal’, ‘ordinal’, or ‘numeric’ (or
‘discrete’ versus ‘continuous’), then perhaps modeling a conditional probability directly
for nominal/ordinal/discrete outcomes rather than a conditional mean.
As underscored above, the use of linear regression with discrete, count, and multinomial outcomes remains popular.3 Although linear models are easy to use and easy to
interpret, their widespread adoption and unquestioning use is cause for concern, particularly when the outcome is binary or multinomial. One well-known problem is that it is
possible for the predicted outcome for any individual, on either side of the RD threshold,
to lie outside of the unit interval thereby violating basic axioms of probability. Though
estimates that lie outside the unit interval may be uncommon, none of the previously
mentioned linear regression-based studies discuss this shortcoming. With respect to
the policy impact, linear probability models that potentially generate predictions outside the unit interval could undermine estimates thereof; treatment effects reported in
Card, Dobkin & Maestas (2004) are consistently larger when generated under the linear
probability model than under the probit model.4
In the case of unordered categorical outcomes (the case considered in our analysis), linear and nonlinear probability models are simply inappropriate. Although it is
possible to estimate separate linear regressions for every binary pair in the set of unordered categorical outcomes, such an analysis ignores the potential that predictions
fail to satisfy simple axioms of probability. Furthermore, such an analysis ignores the
potential for choice dependence, as the relationship between such categorical outcomes
3
Some exceptions to this include Albouy & Lequien (2009) and Ou (2010), who use non-linear
probability models (i.e. non-linear regression with discrete outcomes) within an RD setting, rather than
linear models in their analyses.
4
As an aside we note that for duration data, although the use of linear probability models could
produce invalid probability estimates, their use in such settings is even more problematic due to the
presence of ‘duration dependence’, under which individuals with similar durations are likely to have
common unobserved factors affecting the outcomes. Ignoring duration dependence, implicitly ignored
when adopting least squares regression, could also lead to bias in the estimated treatment effect.
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in independent of other outcomes by construction.5
In this paper, we use an RD design to examine the effect of the 1994 public health
sector user fee abolition on health care-seeking behavior for ill children in South Africa.
The policy explicitly removed health care fees for children under the age of six, as well
as pregnant and nursing mothers, and the elderly. However, health care services in
South Africa are provided by both the private and public sectors. Therefore, ill children
can receive treatment in either the public or the private sector, or not receive any
treatment at all. The effect of user fee abolition on the use of public health care services
is analyzed taking into account this multinomial trio of unordered health care-seeking
options (non-treatment, private, and public). We avoid the use of popular linear and
nonlinear probability models here for the reasons outlined above, and instead estimate
a linear index multinomial logit model, a specification which has been used in similar
settings. We then estimate a nonparametric multinomial outcome model that constructs
the conditional probability directly, which guarantees that basic axioms of probability
are satisfied. The nonparametric model is found to fit the data better than the popular
multinomial logit model in both in-sample and out-of-sample assessment. These results
suggest that the linear index multinomial logit model (which is not altogether different
from the linear probability model employed in the majority of the previous RD studies)
is inappropriate in our setting.
We also construct estimates of average treatment effects across the sub-population
most likely to be affected by the policy, i.e. the least well-off (from a socio-economic
perspective). The measured impacts, summarized in a series of figures, indicate that
non-constant treatment effects are at work in the data. The robust nonparametric results
therefore call into question the commonly maintained assumption that treatment effects
are constant, and raise further questions regarding the dominant focus in the literature,
which typically surrounds scalar estimates computed from pooled linear probability
models with an RD indicator.
We are certainly not the first to adopt nonparametric methods within an RD context. Both Hahn, Todd & van der Klaauw (2001) and Imbens & Lemieux (2008) outline
5

This problem, within the ordinary least squares setting, is qualitatively similar to violating the
Independence of Irrelevant Alternatives (IIA) assumption in the multinomial logit regression setting.
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nonparametric local linear regression methods and discuss practical problems associated
with nonparametric regression at a boundary point, which is important when using certain nonparametric methods in an RD setting.6 Though the use of local linear regression
mitigates boundary-bias problems, the local linear regression estimator (a non-linear
probability model) is subject to the same critique as linear probability models in multinomial choice settings, i.e. in multinomial choice settings the estimated probabilities
can lie outside the unit interval and violate basic axioms of probability. Furthermore,
applying this nonparametric method to each binary pair that can be defined in a multinomial outcome setting, especially if those outcomes cannot be ranked, would implicitly
assume independence of irrelevant alternatives (IIA), and, thus, applying the method
within such a setting may not be valid. The IIA assumption is not presumed in the
nonparametric method applied below, outlined by Hall, Racine & Li (2004), and therefore can be generally applied in all categorical outcome models, binary or multinomial,
ranked or unranked. As well, we model conditional probabilities directly (rather than
conditional means as is done by the local linear approach which, otherwise, mirrors
the linear probability model).7 While we are critical of the dominant linear parametric
paradigm, we intend this paper to be constructive and instructive in nature; not only
are nonparametric methods capable of revealing features present in the data that are
masked by rigid parametric specifications, but they also offer practitioners a feasible alternative to such approaches as we hope to demonstrate below. All code for the analysis
undertaken in this paper is available upon request from the authors.

2

Methodology

The user fee policy change announced in 1994 consisted of a number of components,
including free public health care for ill children under the age of six and the elderly,
as well as pregnant and nursing mothers. However, our analysis focuses only on the
6

Their methods rely on Cheng, Fan & Marron’s (1997) triangular kernel, and have been applied by
Carpenter & Dobkin (2009) and McCrary & Royer (2011). Optimal bandwidths for these estimators
are outlined in Imbens & Kalyanaraman (2012).
7
As an aside, the RD methodology outlined below can be applied in a discrete duration data setting,
including the case where there is duration dependence, so the generality of this approach ought to be
appealing to practitioners.
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demand for curative care services for children under the age of six, as data limitations
preclude consideration of preventative care, antenatal care or effects related to nursing
mothers. Furthermore, a number of other changes related to retirement pensions were
also enacted within a similar time frame; thus, it was not possible to consider the effect
of the policy on the elderly.8 The demand for curative care services is analyzed within
the context of health care facility choice. Gupta & Dasgupta (2002), among others, note
that provider choice decisions are primarily related to curative care.
The component of the South African user fee abolition policy considered here was
based on an age threshold; thus, the analysis will be based on the application of RD. The
age data, described below, is generally only available in years, although it is possible to
merge exact birth dates from the survey, allowing for a more general analysis. However,
that data is available only for children living with their mothers. For that reason, we
do not make use of exact birth dates in this analysis.9
As noted previously, the policy was designed to improve access to health care within
the public sector, although other health care-seeking options are available for ill children.
These options, such as care within the private sector and non-treatment, are potential
substitutes for public care. Therefore, the analysis is placed within a three-outcome
model of health care facility choice. A parametric analysis of multinomial outcomes
could be built on a multinomial logit or probit framework, which is where we shall
begin our analysis (we report results for the logit model only as both link functions
deliver similar results). However, in addition to the multinomial logit framework, we also
undertake nonparametric analysis based on direct estimation of conditional probabilities
for the reasons outlined above. Each is described, in turn, below.
8

For further information about the policy and previous analyses of the policy impact, the interested
reader is pointed to Koch (2012) and the citations therein.
9
Analysis with a continuous running variable is available, although the main results and conclusions
presented here remain unaffected.
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2.1

Parametric Multinomial Logit Analysis

Denote by Yi , with realizations yi , a categorical indicator of health facility choice, which
takes on the values j ∈ {0, 1, 2}, i.e.
⎧
⎪
⎪
⎪
0, No treatment sought
⎪
⎪
⎪
⎪
⎪
⎪
⎪
Yi = ⎨1, Treatment sought at a public facility
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
2, Treatment sought at a private facility.
⎪
⎩

(1)

Furthermore, assume that there is a vector of explanatory variables, denoted by Xi ,
which have realizations xi in the data. These are assumed to represent socio-economic
and demographic characteristics of the ill child, including a function of the child’s age;
in further discussions, below, we will make the age function explicit, given its central
role in the analysis. Following convention, we define pij to be the probability that ill
child i receives treatment j, i.e., pij = prob(Yi = j∣Xi = xi ). By definition, ∑j pij = 1,
such that parameters in the parametric model can only be identified relative to a base
category. Without loss of generality, j = 0 (non-treatment) will be the base category.
Finally, assuming that the stochastic error terms are iid and follow an extreme
value distribution, while the explanatory variables follow a linear index formulation, the
underlying probabilities take on the familiar multinomial logit structure. The coefficient
vectors, β1 and β2 , are the coefficient vectors for outcome choices 1 and 2, respectively,
and they are relative to non-treatment (outcome 0) i.e.
−1

2

pi0 = (1 + ∑ exi βk )
′

(2)

k=1

pi1 = e

x′i β1

2

(1 + ∑ e

−1
x′i βk

)

k=1

pi2 = e

x′i β2

2

(1 + ∑ e

(3)
−1

x′i βk

)

.

(4)

k=1

The multinomial logit model can be estimated via maximum likelihood, where, for any
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ill child, the contribution to the log-likelihood is
2

ln Li (β) = ∑ 1[yi = j] ln pij .

(5)

j=0

In (5), the indicator function, 1[yi = j], assumes either 1 or 0 for the alternative chosen
for the ill child. The model is estimated using the R (R Core Team 2013) package nnet
(Venables & Ripley 2002).
Underlying this structure is the IIA assumption, wherein the odds ratios derived in
the model do not depend on the number of choices available. For example
′

′

exi β1
exi β2
pi1
x′i (β1 −β2 )
=
/
=
e
′
′
2
2
pi2 1 + ∑k=1 exi βk 1 + ∑k=1 exi βk

(6)

is completely independent of the base choice, and would remain so for any other choices
that could be added to the set of outcomes. Although IIA is a testable assumption
(see e.g. Small & Hsiao (1985)), it will not be formally tested here, given the dominant
performance of the robust nonparametric approach. Instead, the predictive performance
of the multinomial logit model will be compared to the predictive performance of the
nonparametric model; the comparison is outlined below. It is also true that IIA can be
relaxed in a number of different ways, through the nesting of alternatives, the allowance
of random parameters, or assuming normally distributed, but correlated, stochastic error
terms. We leave such analysis to the interested reader for the reasons outlined above.

2.2

Nonparametric Conditional Probability Analysis

Although IIA can be relaxed in a number of different ways, most of the options remain
restrictive, and are, at least to some degree, ad hoc. For example, nesting requires the
practitioner to assume that decisions are made in groups. An analyst might be willing
to assume that a caregiver first decides whether or not an ill child should be treated,
and once that decision is made, a decision on where to treat might be made. However,
there is no reason to believe that the presumed nesting structure is necessarily valid.
On the other hand, assuming multivariate normality imposes a distribution on the error
structure that may not be correct. Therefore, we also consider a consistent nonpara-
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metric estimator of the outcome probabilities rather than relying unquestioningly on the
parametric multinomial logit model to obtain estimates of the respective probabilities.
Begin by defining f (⋅) and m(⋅) as the joint and marginal densities of (X, Y ) and
X, respectively, where Y represents the unordered categorical outcomes associated with
health facility choice outlined in (1), while X can include continuous, ordered and unordered categorical variables. The conditional probability density function of Y = y,
given X = x, is defined by
g(y∣x) =

f (x, y)
.
m(x)

(7)

An estimate of the conditional density can be formulated from the kernel estimates of
the underlying joint and marginal densities, fˆ and m̂. Replacing the unknown densities
in (7) with their estimates, yields an estimate of the conditional density of Y = y, given
X = x, which we write as
ĝ(y∣x) =

fˆ(x, y)
.
m̂(x)

(8)

Given the mix of continuous variables, ordered discrete variables and unordered discrete variables, Li & Racine’s (2003) generalized product kernel is used in the estimation.
Following Li & Racine (2003), let X = (X c , X u , X o ) denote a split of X into s continuous, t discrete unordered and r discrete ordered variables. The marginal density m for
realizations x is given by
m̂(x) = m̂ (xc , xu , xo )
=

t
r
1 n s
c
c
u
u
u
o
o
o
∑ [ ∏ W (Xik , xk ) ∏ ` (Xik , xk ) ∏ ` (Xik , xk )] .
n i=1 k=1
k=1
k=1

(9)

Similarly, the joint density f for realizations (x, y) is given by
fˆ(x, y) = fˆ (xc , xu , xo , y u )
=

t
r
1 n s
c
c
u
u
u
o
o
o
u
u u
∑ [ ∏ W (Xik , xk ) ∏ ` (Xik , xk ) ∏ ` (Xik , xk )] ` (Yi , y ).
n i=1 k=1
k=1
k=1

(10)

Within the structure of equations (9) and (10), there are three different data types,
and, therefore, three different kernels could be used for estimation of these densities:
a second-order Gaussian kernel for continuous variables (‘W (⋅)’) and the Li & Racine
9

(2007) kernel for both ordered categorical variables (‘`u (⋅)’) and unordered categorical
variables (‘`o (⋅)’). For positive bandwidth hk > 0,
X c − xck
1
K ( ik
)
hk
hk
X c − xck
2
1
z = ik
K(⋅) = √ e−z /2 ,
hk
2π

c
W (Xik
, xck ) =

(11)

and, for λk ∈ [0, 1],
⎧
⎪
⎪
⎪
⎪
⎪1
u
u
u
` (Xik , xk ) = ⎨
⎪
⎪
⎪
⎪
λ
⎪
⎩ k

u
if xuk = Xik

if

xuk

≠

u
Xik

,

⎧
⎪
⎪
⎪
⎪
⎪1
o
0
o
` (Xik , xk ) = ⎨
⎪
∣xo −X o ∣
⎪
⎪
⎪
λk k ik
⎪
⎩

o
if xok = Xik

if

xok

≠

.

(12)

o
Xik

Although other kernels can be used, the estimates are relatively insensitive to the choice
of the kernel (see Li & Racine (2007) for details). Instead, it is the choice of bandwidth vector γ = (h, λ) that is paramount, and we choose delete-one likelihood crossvalidation (Duin 1976) for this purpose. In addition to being computationally tractable,
this method has strong intuitive appeal for those familiar with the likelihood principle.
Furthermore, selecting γ to maximize the delete-one likelihood function given by
n

CV (γ) = n−1 ∑ log ĝ−i (yi ∣xi )

(13)

i=1

yields a density estimate which is close to the true density in terms of Kullback-Leibler
information distance, where ĝ−i (yi ∣xi ) is the conditional density estimate constructed
from all the data points except the ith. As an added bonus, it too possesses the ability
to remove irrelevant predictors along the lines of the more computationally intensive
least-squares cross-validation method proposed by Hall et al. (2004) effectively removing
irrelevant variables from the analysis. Estimation is undertaken via the R (R Core
Team 2013) package np (Hayfield & Racine 2008).

2.3

Model Comparison

The preceding discussion outlined two different estimation methodologies, the parametric linear-index multinomial logit model and the nonparametric conditional probability

10

model, which are not nested. In order to compare the two models, we consider out-ofsample performance, borrowing terminology from discriminant analysis. Rather than
assuming that one of the models is the true model, we assume that both models are
approximations, and, thus, we are interested in the model with the lowest expected true
error; Efron (1982) outlines apparent versus true error estimation in greater detail for
the interested reader. Intuitively, apparent error is derived from in-sample measures of
fit, such as R2 in linear regression, while true error is derived out-of-sample from attempts to fit the model to new data drawn from the underlying data generating process.
We apply this intuition, through the examination of the Correct Classification Ratio
(CCR) applied to multinomial outcomes (Racine & Parmeter forthcoming).
The outcomes Yi are mapped to a k × 1 vector Υi , one value for each of the three
health care facility options:

⎧
⎪
⎪
⎪
⎪
⎪1
Υik = ⎨
⎪
⎪
⎪
⎪
0
⎪
⎩

if Yi = k

(14)

otherwise.

The predictions from the empirical model define a similar prediction vector, Υ̂i , which
is based on the predicted probabilities from the model:
⎧
⎪
⎪
⎪
⎪
⎪1 if p̂ik = maxj {p̂ij }
Υ̂ik = ⎨
⎪
⎪
⎪
⎪
0 otherwise.
⎪
⎩

(15)

Given these predictions, it is straightforward to define a loss function penalizing incorrect
predictions such as

⎧
⎪
⎪
⎪
⎪
⎪0 if Υi = Υ̂i
Qi (Υ, Υ̂, n) = ⎨
⎪
⎪
⎪
⎪
1 otherwise.
⎪
⎩

(16)

The loss function can then be used to define the correct classification ratio (CCR):
n

CCR = 1 − n−1 ∑ Qi (Υ, Υ̂, n).

(17)

i=1

In addition to the loss function and CCR, the underlying confusion matrix (CM) provides
useful information regarding a model’s ability to properly predict one set of outcomes
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relative to another set. The CM presents the relative counts of actual outcomes against
predicted outcomes:
CM = Υ′ Υ̂.

(18)

Based on insights from Efron (1982), Racine & Parmeter (forthcoming) suggest a
revealed performance test related to the CCR and its associated loss function. The
sample moment in (17) is an in-sample estimate of the expected loss, or apparent error,
as it uses all of the observations from the original sample. Instead of using the full
1
, distributed with cumulative
sample, define an iid training sample, Z n1 = {Yi , Xi }ni=1

distribution function (CDF) F̂ . The training sample would yield an estimate of apparent
error, En1 ,F̂ [Q(Υ, Υ̂, n1 )], which is not of interest here; see Efron (1982). In addition to
the training sample, consider an iid evaluation sample, Z n2 = {Yi , Xi }ni=n1 +1 , that is also
independent of the training sample. The evaluation sample is assumed to be distributed
with CDF F , and yields an estimate of true error, En2 ,F [Q(Υ, Υ̂, n2 )]. The expected
true error is the expectation of the estimator of true error, E{En2 ,F [Q(Υ, Υ̂, n2 )]}; this
can be constructed as the sample average of repeated estimates of true error based on
repeated shuffles of the full data set which are then split into the training and evaluation
samples of sizes n1 and n2 , respectively.
The preceding discussion hints at the resampling procedure used to assess model
performance outlined by Racine & Parmeter (forthcoming).

1. Shuffle the original data Z = {X, Y }, without replacement. Refer to this new data
as Z∗ .
2. Define Z∗n1 and Z∗n2 as above, although observations common to both samples are
removed from Z∗n2 to maintain iid assumption.
3. Use estimates from the full sample, i.e., hold smoothing, in the case of the nonparametric model, and functional form, in the case of the multinomial logit model,
fixed. Fit each model on Z∗n1 , and then obtain predicted values for Z∗n2 .
4. Compute CCR for each model.
5. Repeat T times − in our example, T = 10, 000 − which results in T draws of CCR
for both models.
The draws from the resampling procedure are used to construct and contrast the underlying empirical distribution functions of expected true error for the multinomial logit and
12

nonparametric models, respectively. We report both the median and mean values from
the empirical distribution of CCRs for each model, and tests for ‘equal performance’
are based on these statistics (P -values from these tests are reported in the captions for
figures 1 and 2).

2.4

Policy Impacts

Having estimated and compared the parametric and nonparametric approaches, we then
proceed to examine the impact of user fee abolition on health care choices, based on
the difference between predicted facility choice probabilities across the RD threshold.
Given the policy focus on public care, this is central to our analysis. Rather than
assuming fixed treatment effects, we analyze and present differences across quantiles
of the explanatory variables. We denote quantiles with q ∈ [0, 1], and they encompass
relative living standards (socio-economic ‘well-being’) that increase with q.
Essentially, the average difference (across the age threshold defined by the policy) in
the predicted probability of a child being treated in either a private or public facility, or
not treated at all, is calculated at various levels of q. Recalling that j represents health
facility choice, the treatment effect for each facility option, at each quantile, denoted
τjq , is as follows:10
n

τ̂jq = n−1 ∑ [p̂ij (X, φ(a)∣Xq , a < a0 ) − p̂ij (X, φ(a)∣Xq , a > a0 )] .

(19)

i=1

For the multinomial logit model, φ(a) is a linear function of age (this ‘linear index’
specification is dominant in the literature).
In order for (19) to represent the true policy impact for choice j in quantile q, the
predicted probabilities must be consistently estimated on either side of the age threshold.
The difference would also be consistently estimated, as long as any inconsistency in the
predicted probabilities across the age threshold was constant and could be differencedout. Potential confounders include, for example, the possibility that children just slightly
above the age of six could be passed off at the public facility as being under the age of six.
However, this would be a mistake at the facility, rather than something that a caregiver
10

Given ∑j p̂ij = 1, by construction, ∑j τ̂jq = 0 ∀q.
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could guarantee, and, thus, it is not expected to be a significant source of bias. Similarly,
it is possible that children under six could be more likely to be reported as ill in the
data, since they could receive free health care at a public facility. If such an anticipation
effect were in the data, but not properly addressed, estimated policy impacts would
likely be overstated. Unfortunately, there are no exclusion restrictions lying dormant
in the data that could be used to identify either facility level mistakes or anticipation
effects.11 Due to the lack of instruments, the policy impacts estimated below are to be
interpreted with such limitations in mind. This caveat notwithstanding, the estimated
effects are most plausibly understood as lower bounds on the actual impacts.
Finally, confidence intervals for the average policy impact within a data quantile are
calculated via bootstrap methods. Following Li, Racine & Wooldridge (2008), samples
of the data are drawn, with replacement, from the original data on which the sample
treatment effect was constructed. The average treatment effect at a given quantile is
calculated for each resample, and the process is repeated B = 100 times, yielding a series
of resampled estimates of the policy impact at a given quantile, which are then used to
construct a 90% confidence interval around the sample treatment effect.

3

Data

3.1

Data Source

Data for the analysis is sourced from the South African October Household Survey
(OHS) of 1995.12 The main purpose of the OHS, Statistics South Africa (1995), was
to collect information on households and individuals across the nine provinces of South
Africa. The survey includes questions related to dwellings and dwelling services, perceived quality of life, socio-demographic information, employment and unemployment,
the informal and formal labour markets, as well as births and deaths in the household.
11

Data from 1993, before user fees were abolished, is available. However, that data does not allow for
the separation of public care from private care, and, therefore, it is not possible to provide a pre-policy
falsification test. However, Koch (2012) highlights a reduction in reported illnesses among those eligible
for free public health care, suggesting that anticipation effects are not a cause for concern.
12
Although data from 1994 is also available, 1994 was deemed too soon after policy implementation
for purposes of analysis. Furthermore, data was not similarly collected in 1994 and 1995, especially with
regard to health facility choice.
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Along with this information, there is a short series of questions related to illness, injury,
health care-seeking behavior and access to medical aid or health insurance.
The survey follows a stratified random sampling method, explicitly stratified by
province, magisterial district, urban or rural locale and population group. These enumeration areas were selected systematically based on probabilities proportional to their
size, where the size was estimated from the 1991 population census. Within a selected
enumeration area, ten households were drawn for interview. From this sampling process
responses are available for 121, 538 individuals living in 29, 700 households. However,
we further restrict the sample to recently (within the last 30 days) ill or injured children
under the age of 14. Therefore, the sample only includes children potentially affected by
the policy and reasonably close to the age threshhold, which is in keeping with the RD.
The resulting analysis sample contains 2716 such children, nearly 12% of all children in
that age range in the data. Although post-stratification weights are available, they are
not used in the analysis, because the weights are not calibrated for a subsample of this
nature.
A series of different sections in the survey cover a variety of different topics; however,
it is possible to merge the relevant information to create data at the child level. For
this analysis, data for each child is taken from the individual questionnaire, including
information on the mother and father. Information related to the child’s mother and/or
father is merged into the child dataset, along with data related to the household.
For the analysis, only health care-seeking behavior is considered. Therefore, we
consider the multinomial outcomes (1) whether care for the ill or injured child was
sought in a public facility, (2) private facility or (3) not at all. In addition to the
outcome variable, we create dummy variables for the sex, the population group and
the age eligibility of the child (the latter age dummy is used for the parametric model
only as the nonparametric model treats this simply as a multinomial predictor). Age
serves as the running variable in the analysis, which is available for all children in the
survey in years. Household level controls include the size of the household, as well as
categorical variables for urban and provincial locales, and the distance (measured in
time) the dwelling sits from the health facility usually attended, if a household member
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seeks medical care. For mothers and fathers, we capture their education, whether or not
they have health insurance, and whether or not either parent is alive.13

3.2

Data Description

The variables included in the analysis are described in Tables A.1 and A.2. Table A.1
describes the data for all ill or injured children under the age of 6, while Table A.2 does
the same for children over the age of 6. As expected, the mean age and the mean value
of the RD indicator are higher in Table A.2 than in Table A.1. Otherwise, the means
presented in these tables suggest only minor differences between the two subsets.

4

Empirical Model Comparison

Before examining the impacts of policy, we examine the empirical fit of the multinomial
logit and nonparametric models. The comparison begins on a subset of the analysis
variables, in which both models perform comparably. However, when the analysis is
extended to include additional variables, model performance diverges rather starkly.

4.1

A Baseline with Similar Predictive Performance

The variables included in the initial analysis are limited to controls for earnings in
the household (income), a binary indicator of access to health insurance (insure), the
running variable (age), a binary indicator of policy eligibility (rd.age6+) and, in the
case of the multinomial logit, the age-eligibility interaction.14 As parameter estimates
in and of themselves are not the focus of the analysis, the multinomial logit estimates
have been relegated to Appendix Table B.1, while the nonparametric bandwidths and
their scale factors have been relegated to Appendix Table B.2. Although the estimates
are not the primary focus at this stage, the results suggest that the control variables are
statistically significant determinants of health facility choice.
13

Very few children in the sample do not have at least one parent alive. For that reason, a secondary
analysis, dropping the indicators for either parent being alive, was undertaken. The results did not differ
markedly from what is presented below.
14
The interaction is not needed in the nonparametric model, because all patterns of correlation between
the explanatory variables is uncovered by the methods.
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Rather than focusing on parameter estimates, we focus on model performance, primarily for purposes of benchmarking, although a secondary reason is to see if the parametric multinomial logit model assumption appears reasonable. Specifically, the empirical results and the data are used to calculate in-sample performance, which is presented
within two tables, Table 1 and Table 2, as well as out-of-sample performance, which
is discussed below. One of the striking results within the two tables is the inability
of either model to predict non-treatment outcomes. Another striking result, and the
primary reason for choosing this set of explanatory variables, is that the in-sample predictive performance for both the multinomial logit - see Table 1 - and the nonparametric
model - see Table 2 - is similar, in this limited setting. For the full sample of data, the
nonparametric overall CCR is 0.554, while the parametric overall CCR is 0.553.
Table 1: Multinomial Logit Confusion Matrix for Model 1
Actual Facility
Predicted Facility Choices
Choices
No Treatment Public
Private
No Treatment
0
472
124
0
1136
208
Public
Private
0
410
366
Source: Authors’ calculations, see equation (18).
Correct predictions observed down the diagonal, where
actual choice corresponds to predicted choice.
Table 2: Nonparametric Confusion Matrix for Model 1
Actual Facility
Predicted Facility Choices
No Treatment Public
Private
Choices
No Treatment
0
466
130
Public
0
1126
218
Private
0
397
379
Source: Authors’ calculations, see equation (18).
Correct predictions observed down the diagonal, where
actual choice corresponds to predicted choice.
Although a larger CCR is indicative of better predictive power, it is important to
note that the preceding CCRs are all in-sample, and represent apparent error. However,
one concern that arises, in the case of nonparametric models, is that the model could be
overfit, thereby inflating the in-sample CCR. Even though the data-driven bandwidth
selection process is theoretically optimal, it is not guaranteed to deliver sound results
17

for every possible sample and could be misleading (i.e. not ‘externally valid’). Hence,
we conduct the out-of-sample performance evaluation exercise described in Section 2.3
as a robustness check on the nonparametric results. As an extra precaution, duplicate
observations are removed from the training data, before evaluation, and, therefore, the
evaluation data set is not the same as the initial data set, over which the bandwidth
selection was made (if the nonparametric model has placed too much weight on duplicate
observations, the aforementioned correction will uncover the problem). The out-ofsample fit comparison is illustrated in Figure 1 and results were insensitive as to whether

0.5
0.2

0.3

0.4

CCR

0.6

0.7

0.8

0.9

duplicate observations in the training resamples were removed or not.

NP

MNL

Figure 1: Boxplots for out-of-sample performance assessment of the benchmark model
(mean nonparametric CCR: 0.5504, mean parametric CCR: 0.5492, median nonparametric CCR: 0.5625, median parametric CCR: 0.5625, 104 splits of the data, training
data size n1 = 2700, evaluation data size n2 = 16, higher CCR is better). The test for
revealed performance under the null of equal performance delivers a P -value of 0.2469
indicating that there is no significant difference in the predictive abilities of either model.
Despite the potential for overfitting in the nonparametric model, the out-of-sample
fits, or expected true errors, illustrated in Figure 1 do not reveal any such issues being
18

present here. As suggested by the in-sample comparison, there is very little difference
in performance between the multinomial and nonparametric models, given the limited
subset of control variables included in the initial model. Furthermore, the out-of-sample
performance comparison is similar to the in-sample performance comparison, at least
for the benchmark case.

4.2

Beyond the Baseline: No Longer Similar

With just a few explanatory variables, model performance does not differ, and neither
model manages to predict outcomes, especially the non health care-seeking outcome,
particularly well. However, the initial model did not include many of the determinants
of health care facility choice previously identified in the literature. Therefore, in what
follows, additional explanatory variables are included, such as: population group, region,
household size, distance to nearest medical facility, parental education (if available),
parental health insurance status, and indicators for whether or not either parent is
alive.
As before, the focus of the analysis is not on parameters, so we relegate the multinomial logit estimates to Table B.3, while nonparametric bandwidths and scale factors
are presented in Table B.4. As before, the child’s access to medical aid and eligibility
for free public health care remain significant determinants in the parametric model. In
addition to those variables, there are significant differences across population groups
and regions, as well as household size and parental effects. Given the fact that many
of the included variables are statistically significant, one would expect the predictive
performance of the multinomial logit model to improve.
In-sample, however, this expectation does not appear to materialize. With only a
few explanatory variables, just over half of the outcomes were predicted correctly, insample. Including additional explanatory variables increased the parametric model’s
in-sample performance to only 0.581, a rather small improvement, even though many
of the included variables are statistically significant. Meanwhile, the nonparametric
model’s CCR increases rather substantially; the nonparametric overall CCR is 0.911.
As can be seen in the confusion matrices - see Tables 3 and 4 - the multinomial
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Table 3: Multinomial Logit Confusion Matrix for Model 2
Actual Facility
Predicted Facility Choices
Choices
No Treatment Public
Private
No Treatment
60
422
114
Public
37
1141
166
Private
23
375
378
Source: Authors’ calculations, see equation (18).
Correct predictions observed down the diagonal, where
actual choice corresponds to predicted choice.
logit model still has very limited success in predicting non-treatment, probably due to
the fact that we do not have any information on the depth of the child’s illness. Despite
not having that information, the nonparametric model appears to be more successful
in-sample, possibly because some of the variables included in the model are correlated
with the unobserved depth of child illness.
Table 4: Nonparametric Confusion Matrix for Model 2
Actual Facility
Predicted Facility Choices
Choices
No Treatment Public
Private
No Treatment
462
120
14
Public
9
1325
10
9
81
686
Private
Source: Authors’ calculations, see equation (18).
Correct predictions observed down the diagonal, where
actual choice corresponds to predicted choice.
Although in-sample performance is strongly in favour of the nonparametric model,
it is possible that the nonparametric model is overfitting the data, and, therefore, the
same performance comparison outlined above is undertaken here, as well. The results
of that training exercise are illustrated in Figure 2. As can be seen, and in agreement
with the in-sample performance, the multinomial logit model’s predictive performance
leaves much to be desired, relative to the nonparametric model. In other words, even
though many of the explanatory variables in the multinomial logit model are statistically
significant, they do not appear to provide much by way of additional explanatory power,
at least in this analysis. The nonparametric model, on the other hand, appears to be
able to exploit their presence both in- and out-of-sample.
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Figure 2: Boxplots for out-of-sample performance assessment of Model 2 (mean nonparametric CCR: 0.6309, mean parametric CCR: 0.5659, median nonparametric CCR: 0.625,
median parametric CCR: 0.5625, 104 splits of the data, training data size n1 = 2700,
evaluation data size n2 = 16, higher CCR is better). The test for revealed performance
under the null of equal performance delivers a P -value of 6.0566 × 10−300 indicating that
there is a highly significant improvement in the predictive abilities of the nonparametric
model over the parametric model.

5

Evaluation of Policy

Having assessed the relative performance improvement associated with the nonparametric model over the parametric model, we turn to the evaluation of the policy. As Berk
& Rauma (1983) noted in their RD work, within a non-linear setting, there are many
marginal effects, and some attention should be paid to extending the analysis beyond
the mean. Therefore, we estimate and present average treatment effects at different
quantiles of the distribution of the socio-economic covariates (i.e. levels of ‘well-being’),
for a fixed population group and region. In this analysis, the construction of quantiles
is not limited only to income.15 The primary results from the analysis are presented in
15
Instead, with the exception of province, race and health insurance access, which we set to KwaZuluNatal, black and no insurance access, respectively, all other independent variables are allowed to vary.
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Figure 3, and presented across quantiles. Since the user fees were eliminated in the public sector, that is the main focus here. More detailed quantile-specific marginal effects
illustrations for both empirical models and all three health care facility choice options
are illustrated in Figures 4 and 5.
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Figure 3: Estimated Marginal Effects and Bootstrapped 90% Confidence Intervals for
the Effect of User Fee Abolition on the Use of Public Health Facilities Amongst Ill
Children. Analysis undertaken across quantiles (0.05-0.95) of the data for black children
living in KwaZulu-Natal without health insurance. Marginal effects calculated from
both multinomial logit and nonparametric conditional probability models. Moving from
lower to higher quantiles implies an improvement in living standards. See Footnote 15
for further clarification.
In Figure 3, the parametric and nonparametric marginal effects, across data quantiles, along with 90% confidence bands, are illustrated. The parametric marginal effects
Specifically, we define all continuous variables, like income, and ordered factors, including binary factors,
to be “better” as the quantile value rises. For example, having an alive father or mother is better than
either or both parents being dead; higher levels of parental education and more household income is
also better. On the other hand, living closer to a medical facility is better than living farther away, and
living in a smaller household is better than living in a larger household. Finally, in order to calculate
the marginal effect as the difference across the policy (RD) threshold, the age of young children is set
to 5, while the age in the older sample is set to 6.
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are fairly constant as well-being (i.e. the quantile q) increases, averaging roughly 7%.
Curiously, children living in the best circumstances receive the same benefit as do less
well-off children, according to the parametric model. The parametric results agree with
Koch’s (2012) analysis, which was based on linear probability models applied to each binary pair of health care facility choice options. The nonparametric results, on the other
hand, paint a more reasonable picture, at least with respect to equity considerations,
even if those results are somewhat noisier. According to the bootstrapped nonparametric marginal effects, user fee abolition increased the use of public health care facilities
among the least well-off young children by up to 7%, although that effect is entirely
eliminated for ill children living in the best circumstances.
The primary reason for considering the outcome data in its entirety, i.e., as an
unordered categorical outcome variable instead of separately, is the potential for substitution across health care facility choices. Therefore, for both models, estimated marginal
effects for all three health care facility options, including no treatment, are illustrated
separately for the parametric model, in Figure 4, and for the nonparametric model, in
Figure 5.
Given the constancy in the public care marginal effects obtained from the multinomial logit model, it is not surprising that the private care and non-treatment marginal
effects are rather similar for children, regardless of their living conditions. It is also not
surprising that, for children living in the worst circumstances, the increase in public care
use is driven by a decrease in the proportion of ill children not accessing any health care.
In addition to overall increases in health care access, as a result of the policy, there is
also evidence of substitution away from more expensive private care to the freely available public care. Interestingly, for children living in the best circumstances, there is
less evidence of increases in access to health care; instead, we observe more substitution
away from private treatment towards free public treatment, a result that is at odds with
the goal of the policy.
Although there is some evidence of changing substitution patterns, within the parametric setting, and some of those are expected, they are not particularly pronounced
or varied. Within the nonparametric setting, the substitution patterns are more inter-
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Figure 4: Estimated Marginal Effects of User Fee Abolition on all Health Facility Choices
made for Ill Children. Analysis undertaken across quantiles (0.05-0.95) of the data
for black children living in KwaZulu-Natal without health insurance. Marginal effects
calculated from the multinomial logit model. Moving from lower to higher quantiles
implies an improvement in living standards. See Footnote 15 for further clarification.
esting, and somewhat more plausible. For the least well-off children, user fee abolition
increased the use of public facilities, simultaneously decreased the proportion of ill children that do not access health care, and had little effect on private care. As living
circumstances improve, the estimated marginal effects are rather different, and generally quite small. However, ill children living in the best of circumstances, even though
eligible (by age) to receive free care in the public sector, are far more likely to receive
health care from the private sector, as would be expected in a two-tier health setting
like South Africa’s.16
16

The policy was not meant to apply to children with access to health insurance, who are likely to
be amongst those in the best of circumstances; health insurance coverage is only about 15% in the
country, Koch & Alaba (2010). For that reason, the health insurance indicator was switched off for the
calculations illustrated in Figures 3, 4 and 5.
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Figure 5: Estimated Marginal Effects of User Fee Abolition on all Health Facility Choices
made for Ill Children. Analysis undertaken across quantiles (0.05-0.95) of the data
for black children living in KwaZulu-Natal without health insurance. Marginal effects
calculated from the nonparametric conditional probability model. Moving from lower
to higher quantiles implies an improvement in living standards. See Footnote 15 for
further clarification.

6

Conclusion

This research examines the effect of user fee abolition on health care facility choice. The
analysis focuses on young children, because the policy was developed, at least in part, to
improve health outcomes for poor young children. The effects of that policy are modeled
both parametrically and nonparametrically, assuming that the policy is independent
of any unobserved factors that differ across children aged five and six, the usual RD
assumption applied to this setting. The results suggest that the parametric model does
not fare as well as the nonparametric model in terms of prediction of outcomes, both inand out-of-sample. In addition to the difference in model performance, the estimated
marginal effects differ markedly across the two models.
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Within the nonparametric setting, marginal effects are estimated to be smaller than
they are in the parametric setting. Although the multinomial logit marginal effects are
in the neighborhood of 7%, and remain so regardless of the child’s living standards, the
nonparametric marginal effects are generally smaller and disappear entirely for children
living in the best of circumstances. The varied impact uncovered from the nonparametric
specification suggests that the policy was pro-poor, as the nurses interviewed by Walker
& Gilson (2004) believed, although the nurse’s beliefs had not been empirically verified
by any previous research. The degree to which the policy was pro-poor, however, is left
for future research.
The observed differences in both model performance and marginal effects suggest
that future RD research in multinomial settings should pay more attention to model
choice. As was observed here, multinomial logit models may perform relatively poorly,
even when covariates are found to be significant. The fact that multinomial linear
probability models implicitly assume IIA further suggests that the results based on such
specifications should not be accepted unquestioningly.
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A

Descriptive Statistics

Table A.1: Observed Mean of Data for Ill Children Under 6 Years Old (and eligible for
free public care) by Health Facility Choice
Eligible Child
Insured Child
Coloured Child
Asian Child
White Child
Western Cape Province
Eastern Cape Province
Free State Province
KwaZulu-Natal Province
Northwest Province
Gauteng Province
Mpumalanga Province
Limpopo Province
Urban Locale
Med Center > 60min
30min < Med Center < 60min
15min < Med Center < 30min
8-9 in Household (HH)
7 in HH
6 in HH
5 in HH
4 in HH
<4 in HH
Mother: Some Education
Mom: Primary Education
Mom: Matric Completed
Mother: Alive
Mother: Insured
Father: Some Education
Dad: Primary Education
Dad: Matric Completed
Father: Alive
Father: Insured
HH Income
Child Age

Private Care
0.000
0.434
0.113
0.082
0.268
0.150
0.026
0.106
0.230
0.073
0.176
0.087
0.035
0.709
0.073
0.096
0.345
0.103
0.070
0.117
0.214
0.268
0.171
0.167
0.254
0.401
0.993
0.411
0.089
0.157
0.300
0.948
0.369
2235.2
2.2

30

Public Care
0.000
0.174
0.137
0.035
0.070
0.206
0.055
0.069
0.302
0.100
0.099
0.059
0.026
0.539
0.158
0.193
0.304
0.154
0.126
0.131
0.165
0.197
0.097
0.273
0.350
0.174
0.979
0.140
0.166
0.152
0.108
0.890
0.122
1117.4
2.3

No Treatment
0.000
0.222
0.133
0.025
0.111
0.208
0.043
0.133
0.254
0.043
0.115
0.097
0.029
0.563
0.161
0.168
0.308
0.122
0.136
0.136
0.183
0.168
0.118
0.237
0.301
0.229
0.978
0.215
0.143
0.147
0.125
0.914
0.190
1369.0
2.6

Table A.2: Observed Mean of Data for Ill Children 6 Years Old or Older (and not eligible
for free public care) by Health Facility Choice
Eligible Child
Insured Child
Coloured Child
Asian Child
White Child
Western Cape Province
Eastern Cape Province
Free State Province
KwaZulu-Natal Province
Northwest Province
Gauteng Province
Mpumalanga Province
Limpopo Province
Urban Locale
Med Center > 60min
30min < Med Center < 60min
15min < Med Center < 30min
8-9 in Household (HH)
7 in HH
6 in HH
5 in HH
4 in HH
<4 in HH
Mother: Some Education
Mom: Primary Education
Mom: Matric Completed
Mother: Alive
Mother: Insured
Father: Some Education
Dad: Primary Education
Dad: Matric Completed
Father: Alive
Father: Insured
HH Income
Child Age

Private Care
0.000
0.554
0.157
0.114
0.309
0.117
0.043
0.063
0.266
0.103
0.151
0.060
0.026
0.777
0.046
0.083
0.286
0.029
0.074
0.120
0.297
0.306
0.111
0.149
0.271
0.349
0.971
0.509
0.103
0.223
0.283
0.917
0.440
2502.1
8.4
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Public Care
0.000
0.144
0.142
0.028
0.066
0.197
0.047
0.044
0.288
0.125
0.106
0.080
0.025
0.526
0.144
0.190
0.345
0.157
0.106
0.169
0.180
0.197
0.087
0.252
0.315
0.140
0.960
0.133
0.154
0.169
0.089
0.861
0.116
1013.5
8.4

No Treatment
0.000
0.215
0.158
0.038
0.120
0.208
0.050
0.107
0.243
0.076
0.085
0.091
0.035
0.511
0.183
0.189
0.287
0.199
0.114
0.183
0.161
0.148
0.063
0.252
0.262
0.132
0.975
0.221
0.155
0.174
0.101
0.890
0.215
1262.2
8.4

B

Estimation Results
Table B.1: Multinomial Logit Model Parameter Summary for Model 1
Public Facility
Variable
Coefficient Stand. Err.
(Intercept)
1.4349
0.057
rd.age6+
-0.7866
0.007
age
-0.1116
0.027
insure1
-0.2630
0.058
inc
-0.0000
0.000
rd.age6+:age
0.1056
0.025
Source: Authors’ calculations.

Private Facility
Coefficient Stand. Err.
0.4154
0.048
-0.7812
0.006
-0.1921
0.029
1.1316
0.057
0.0000
0.000
0.1890
0.028

Table B.2: Nonparametric Bandwidth Summary for Model 1
Variable Bandwidth Scale Factor
hlthsk
0.00
0.00
rd.age
0.33
4.66
age
1.84
1.97
insure
0.02
0.23
inc
4229.83
11.22
Source: Authors’ calculations.
Table B.3: Multinomial Logit Model Parameter Summary for Model 2
Public Facility
Variable
Coefficient Stand. Err.
(Intercept)
1.4349
0.057
rd.age6+
-0.7866
0.007
age
-0.1116
0.027
insure1
-0.2630
0.058
inc
-0.0000
0.000
rd.age6+:age
0.1056
0.025
Source: Authors’ calculations.

32

Private Facility
Coefficient Stand. Err.
0.4154
0.048
-0.7812
0.006
-0.1921
0.029
1.1316
0.057
0.0000
0.000
0.1890
0.028

Table B.4: Nonparametric Bandwidth Summary for Model 2
Variable
Bandwidth Scale Factor
hlthsk
0.08
1.15
rd.age
0.61
8.51
age
11742314.95 12595186.26
insure
0.07
0.94
inc
1079.78
2.86
pop.group
0.16
2.26
prov
0.07
0.95
urban
0.49
6.78
hh.size
0.17
2.42
time.med
0.16
2.29
mom.ed
0.28
3.91
mom.live
0.04
0.60
mom.ins
0.26
3.70
dad.ed
0.43
6.05
dad.live
0.18
2.54
dad.ins
0.91
12.69
Source: Authors’ calculations.
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