EL COLEGIO DE MEXICO, A.C.
CENTRO DE ESTUDIOS ECONOMICOS

“CAUSAL INFERENCE WITH TIME-VARYING CONTINUOUS
INTERVENTIONS: EVALUATING THE MEXICAN UNIVERSAL
HEALTH INSURANCE PROGRAM SEGURO POPULAR”

TESIS PRESENTADA POR:

CURTIS HUFFMAN ESPINOSA

PARA OPTAR POR EL GRADO DE

DOCTOR EN ECONOMIA

PROMOCION 2013-2016

DIRECTOR DE TESIS

DR. EDWIN VAN GAMEREN

CIUDAD DE MEXICO AGOSTO DE 2016



Curtis Huffman Espinosa: Causal Inference with Time-Varying Continuous Interventions,
Evaluating the Mexican Universal Health Insurance Program Seguro Popular, © Fall 2016

Committee in charge:

Dr. Edwin van Gameren, Chair
Dr. Raymundo Campos Vazquez
Dr. Laura Juarez Gonzalez

Location:

Ciudad de México

Time Frame:

August 2016



EL COLEGIO
DE MEXICO

CENTRO DE ESTUDIOS ECONOMICOS

CONSTANCIA DE APROBACION
Doctorante: Curtis Huffman Espinosa

Tesis: Causal Inference with Time-Varying Continuous
Interventions: Evaluating the Mexican Universal
Health Insurance Program Seguro Popular

Director de Tesis: Dr. Edwin van Gameren

Aprobada por el Jurado Examinador:

Dr. Edwin van Gameren Presidente

Dra. Laura Juarez Gonzalez Primer Vocal

Dr. Raymundo Campos Vazquez  Vocal Secretario

Dr. Delfino Vargas Chanes Suplente

Ciudad de México, 10 de agosto de 2016



Causal Inference with Time-Varying Continuous Interventions: Evaluating the
Mexican Universal Health Insurance Program Seguro Popular

by

Curtis Huffman Espinosa

A dissertation submitted in partial satisfaction of the
requirements for the degree of
Doctor of Philosophy
in
Economics

at the

Centro de Estudios Econémicos
of
El Colegio de México, A.C.

Committee in charge:

Dr. Edwin van Gameren, Chair
Dr. Raymundo Campos Vazquez
Dr. Laura Juarez Gonzalez

Fall 2016



The dissertation of Curtis Huffman Espinosa, titled Causal Inference with Time-Varying
Continuous Interventions: Evaluating the Mexican Universal Health Insurance Program

Seguro Popular, is approved:

Chair Date

Date

Date

El Colegio de México, A.C.



Causal Inference with Time-Varying Continuous Interventions: Evaluating the

Mexican Universal Health Insurance Program Seguro Popular

Copyright 2016
by
El Colegio de México, A.C.



A Margarita y Dennis, por aclarar el camino.



Abstract

Causal Inference with Time-Varying Continuous Interventions: Evaluating the Mexican

Universal Health Insurance Program Seguro Popular
by

Curtis Huffman Espinosa

Doctor of Philosophy in Economics
El Colegio de México, A.C.

Dr. Edwin van Gameren, Chair

In Mexico, over 50 million people without health insurance in 2001, now have a state-
protected health coverage via the public insurance system Seguro Popular (SP). Here we
assess the impact of SP on the human and material resources needed to meet the new
demand for health services. This has required new procedures, which in turn motivated
the development of a robust estimator, available to the community as a do-file for the
statistical software Stata®. In Chapter 1 we analyze the implications of different causal
assumptions in evaluating SP. There we show the need to push forward Propensity Score
methods so as to accommodate time-varying continuous treatments. In Chapter 2, we
present a new semiparametric procedure that allows researchers to distill causal quantities
in these contexts. This is accomplished by bringing together the literature on continuous
and dynamic treatments. The proposed procedure allows researchers to estimate Mean
and Quantile Dose-Response Functions by applying local regression methods to appropri-
ately weighted samples that control for time-dependent confounding. It is in this Chapter
that we estimate and discuss the impact of SP. Given the complexity behind the proce-
dure discussed in Chapter 2, in Chapter 3 we present a robust estimator that facilitates

causal analysis in dynamic settings with continuous treatments. All of our estimates sug-
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gest that, on the average, SP has effectively had a positive impact on the Mexican Ministry
of Health’s resources. However, we find compelling quantitative evidence that the pro-
gram has proven most helpful in less vulnerable territories, leaving behind those in greater

need.
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Chapter 1

Seguro Popular and the Supply of

Health Care Services

In this Chapter we assume different degrees of homogeneity in Seguro Pop-
ular’s intervention and analyze their implications for its evaluation. All of
our estimates suggest that, on the average, the Seguro Popular program
has effectively had a positive impact on Secretaria de Salud’s (the Mexican
Ministry of Health) resources. However, quantile and interaction treatment
effects also suggest that the program may be leaving behind some of the
most vulnerable geographical areas.



1.1 Introduction

By the end of 2012 Mexico reached a truly immense landmark in its journey towards
universal health insurance coverage. Some 50 million people uninsured in 2001, basically
all informal workers and their families, now have a state-protected health coverage via
the public insurance system Seguro Popular (SP). This is without any doubt the most
important financial effort to provide health insurance for the uninsured the country has
ever made since the creation of its social security system in 1943. However, it would be
naive to assume that achieving universal health coverage, as it has been referred to [31],
has automatically been translated into the human and material resources needed to meet
the new demand for health services. In this paper we examine the degree to which this has
happened.

We make two distinct contributions. First, although the goal of the SP is to increase
access to health care, surprisingly few papers have examined its impact on the service
delivery in general, and on the provision for human and material resources involved in the
supply of health care services in particular; that is, on the supply side of the health care
services. So far, the evaluations of SP have mainly focused on the effects on out-of-pocket
health payments, catastrophic expenditures, health, and labor force participation —a notable
exception is a paper by Bosch and Campos [5]. However, since the program’s funding
goes without strict earmarking, whether these financial resources managed to translate
into resources associated with the provision for healthcare services is an important matter
that deserves attention.

Secondly, in working out the implications of turning to a number of simplifying statis-
tical and causal assumptions (dichotomizing an otherwise continuous time-varying treat-
ment) in order to apply existing propensity score methods, we show the need for a further
extension to the time-varying continuous context. The pursuit of such research agenda
will allow researchers to incorporate causal assumptions otherwise very hard to work with,

given the current state of knowledge we have.



All of our estimates suggest that, on the average, more human and material resources
followed geographical areas with higher degrees of SP coverage. Even more so, analyzing
the heterogeneity behind the average treatment effects, quantile and interaction treatment
effects indicate that the SP program has had distributional effects on said resources, leav-
ing behind some of the most vulnerable parts of the country. Whether this is an unintended
effect of the program or not, its inequality implications need to be addressed openly, for it
means that a different kind of public health policy is needed to attend to the most vulnera-
ble part of the population in the country.

The paper proceeds as follows. Section 1.2 presents a short institutional background,
the main features of the program and reviews the evaluation literature related to SP. Section
1.3 describes the data, and Section 1.4 presents the empirical strategies. In Section 1.5 we
present the corresponding estimates, and finally in Section 1.6 we conclude with a brief

discussion of our results.

1.2 Evaluating Seguro Popular

Seguro Popular (Popular Health Insurance, SP) was launched as a pilot program in
2002 and remained so until the end of 2003. At that time, it covered roughly 2.2 million
people previously uninsured in a total population of about 100 million, of which over 50
percent lacked any health insurance coverage, leaving them effectively outside the social
health protection system. By that same time, the new Ley General de Salud —General
Health Law— (LGS) launched the Sistema de Proteccién Social en Salud —System of Social
Protection in Health— (SPSS) and just over 10 years later the SP covers more than 55 million
people.

Enrollment into the System is voluntary, and is granted to all legal residents in Mexican
territory who lack health insurance, ascertained with the mere declaration of the applicant.
Figure 1.1 shows the evolution of this huge effort to provide health insurance for the unin-

sured.



Figure 1.1: Seguro Popular Rollout
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It’s noteworthy that the LGS specified that the Federal Government and the states were
to share the responsibility, being the later responsible for managing the resources allocated
by the Federation for the service delivery in general. The funding of SP has a tripartite
structure: a social contribution from the federal government, covered annually by the fed-
eral government directly proportional to the number of beneficiaries (the main source of
funding); a solidarity contribution, covered both from the federal government and states
according to health indicators such as infant and adult mortality; and a family contribu-
tion, a fee introduced to replace out-of-pocket payments made at the time of the delivery of
services, although families can be classified into a non-contributory regimen based on the
household’s income. By 2012, the beneficiaries had access to a package of 284 health ser-
vices and interventions listed in the Catdlogo Universal de Servicios Esenciales de Salud

(Universal List of Essential Health Services, CAUSES).

Previous Impact Evaluations

Key findings of the many evaluations of SP include that SP affiliates see reduced their
out-of-pocket health expenditures [50, 15, 3, 28, 18, 37, 2] and catastrophic health ex-
penses [20]. Increments in the use of services have also been reported [32, 50, 15, 37],
as well as positive effects not just on the self-reported health of the beneficiaries [50], but
also in some biomarkers [37].

Another strand of the evaluation literature of SP has focused on its impact on the labor
market, as the program might be creating perverse incentives to work in the informal
sector. However, here the evidence is mixed. Some studies find negligible or no effects
[11, 36, 1, 6], while others find that the SP actually has a negative effect on the creation of
formal jobs, especially in small and medium sized firms [5].

Surprisingly, practically no attention has been given to the effects that the expansion
of this nationwide health insurance program might have on the service delivery in general;
that is, on the supply side of the health care services. So far, only [5] have tackled this

issue providing evidence that the SP program has had a positive impact on the number of



physicians, nurses and clinics in the Mexican municipalities. These authors followed a
difference-in-differences approach conceptualizing the implementation of the SP program
as an event that occurs in the municipalities once more than 10 individuals have been
affiliated.

Of course, the chosen unit of analysis and the way researchers operationalize the treat-
ment play an important role in the nature of the findings. In this regard, two aspects of
Bosch and Campos’ [5] strategy are worth mentioning. First, it’s not clear that the mu-
nicipality is the natural unit of analysis regarding human and material health resources.
In Mexico, the basic regional administrative unit in charge of the operation of health-
care services and programs is the Sanitary Jurisdiction (SJ). Mexican SJs are, in general,
comprised of several municipalities which vary greatly both in area and population.! Sec-
ondly, more than 10 individuals is hardly a clear sign of SP coverage across such diverse
geographic areas as the Mexican municipalities.

In the remainder of the paper we contribute to the evaluation literature of SP going
deeper in assessing heterogeneous effects of SP on basic resources for the provision for
healthcare services. It is a well known fact that every impact evaluation incorporates in its
empirical strategy both statistical and causal assumptions about the data-generating pro-
cess [38], and that imposing different assumptions leads to different causal models and
quantities to be estimated. On our part, we focus on the SJ as unit of analysis, assess-
ing the implications of a set of different statistical and causal assumptions. Whenever
possible, we test the compatibility of these assumptions with the data. However, not all as-
sumptions lend themselves to receive empirical scrutiny. Most importantly, regarding our
estimates, everything will be predicated on the validity of the no-confounding assumption,
also known as selection-on-observables or ignorability. In other words, that we have iden-
tified and measured all possible variables whose effect may be confounded with that of the

SP coverage.

IDetails in Section 1.3.



1.3 Data

We have merged the administrative records of SP containing the number of families
and individuals affiliated from 2002-2013 with the federal records of infrastructure and
human resources employed by the Secretaria de Salud —Mexican Ministry of Health—
(SSA). These are the state’s primary resources used in providing health care services to
the population not insured by any of the traditional public institutions. The SSA data is
available at a yearly frequency disaggregated at the health establishment (service outlet)
level, and nowadays it’s possible to retrieve this data from 2001 to 2014 from the Sistema
Nacional de Informacién en Salud —National Health Information System— (SINAIS) web
site: http://www.sinais.salud.gob.mx/.

Figure 1.2 shows the evolution of key resources involved in the supply of health care
services along with the coverage of the SP program. There we can see that the increased
coverage of the SP program seems to be associated with a growing number of physicians
and nurses in day-to-day contact with patients (providing clinical care) as well as with the
number of doctors’ offices in its national aggregate. In the rest of the paper we shall focus
on these three variables since they seem most fundamental in the provision for healthcare
services. Unfortunately, the SINAIS database does not go any further back than 2001 and
we cannot appreciate properly whether these trends correspond to a change in the historical
tendency of the variables. It is, however, from this apparent association that we strive to
disentangle a causality relationship.

Only 19% of the municipalities in Mexico register an SSA health establishment, which
hardly makes it the best unit of analysis for our purposes. In all our estimates we use
the sanitary jurisdiction as unit of analysis and aggregate the data accordingly. There are
242 SJs in Mexico and none of them cross states. However, 9 out 2,457 municipalities
cross sanitary jurisdictions. For lack of better data access, in aggregating the data we have
treated these municipalities as a sanitary jurisdiction in themselves. Leaving us with a

panel of 233 units across 13 years.



Figure 1.2: National Evolution of Key Resources and SP Coverage
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and Seguro Popular administrative records

As noted before, the sanitary jurisdiction is the basic regional administrative unit of the
SSA in charge of the operation of healthcare services. Also important to note is that, given
the variation in size and population across SJs, we focus on the density of SSA’s material
and human resources, not in their absolute numbers, in all cases relative to the population
that lack labor-related health insurance coverage provided by public institutions such as
Intituto Mexicano del Seguro Social (IMSS), Instituto de Seguridad y Servicios Sociales
de los Trabajadores del Estado (ISSSTE), Petréleos Mexicanos (PEMEX), the Ministry of
Defense or the Navy. The same reference population is used for the SP coverage, only this

time expressed as a proportion.



1.4 Empirical Strategy

In view of the possibility to draw on the SINAIS database for annual series of SJ’s
characteristics, ranging from a year prior to the implementation of SP —since the SP pro-
gram started as a pilot during 2002— to 2014, the combination of difference-in-differences,
which has the additional advantage of controlling for individual permanent effects, with
Propensity Score (PS) methods seem best suited to assess whether human and material
resources followed the new entitlement to meet the new potential demand for services.
Under an unconfoundedness assumption, also known as the assumption of selection on
observables, these methods allow removing all biases in comparisons in assessing the
treatment effect by adjusting for differences in a set of covariates.

We use a set of 7 variables. We focus on the density (relative number) of doctors’
offices, staffed and non-staffed hospital beds, physicians and nurses, both with and without
day-to-day contact with patients (with and without clinical duties). In particular, at any
given point in time, we look for the effects SP has had on the change (increment) in the
density of these human and material resources, conditioning on their levels prior to the
exposure to SP.

It is our argument that these 7 covariates help to explain why some sanitary juris-
dictions make the most of SP, both in terms of affiliation and making new investments.
Indeed, it is likely that the relative easiness with which it might be possible to expand the
offer of health care services may be behind both the roll-out of the SP program and the
response to it. A case in which a particular coverage pattern may have followed sanitary
jurisdictions disposed to have also a particular response to the program. In other words,
our basic assumption is that the infrastructure and personnel of the SSA that were already
on the ground before the affiliation effort are both the major determinants of the SP roll
out pace, and a clear sign of the difficulties each SJ face to translate financial means into
basic resources needed to provide health care services.

In using the density of these resources as covariates in a PS framework, we are assum-
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Figure 1.3: Causal Diagram Implicit in Observational Studies with Time-independent
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and Y the outcome.

ing that, conditioning on them, the SP coverage can be considered as good as randomly
assigned. In this way the treatment is therefore assumed independent of the potential
outcomes, and so the treatment assignment mechanism is said to be ignorable. How to ad-
equately control for these variables, on the other hand, depends on the causal assumptions

behind the particular research design.

Propensity Score Methods with Time-independent Confounding

Figure 1.3 represents the usual (with simple treatment) causal assumptions behind the
PS approach, where U represents unobserved (therefore connected by dashed arrows) ex-
ogenous variables, common cause to both the treatment and the outcome, as in our case
investment performance or facility; A represents the causal variable, SP coverage; X a
vector of covariates such as the density of doctors’ offices, hospital beds, physicians and

nurses; and Y some outcome variable, in our case the increment in the density of resources.

Coarsening an Underlying Treatment Variable

As for the classic PS approach, much of the work has focused on the case where units

of analysis are exposed to one of two possible values of the causal variable, treatment
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Figure 1.4: Distribution of SP Coverage Across Sanitary Jurisdictions in 2009
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or control, at a given point in time, and values for an outcome are assessed some time
subsequent to exposure [44, 45, 47]. To apply these traditional methods in evaluating
SP, we need to operationalize SP coverage as a dichotomous variable for every SJ, much
as Bosch and Campos [5] did for municipalities, while making the strong assumption of
no-multiple-versions-of-the-treatment.?

Looking at figure 1.1 we can see that by 2009, SP had reached roughly 50% of the
population without traditional health insurance, and figure 1.4 shows the distribution of
this coverage across sanitary jurisdictions, exhibiting a fair number of observations on
every treatment level in a relatively symmetric distribution around .5.

This suggest an almost natural way to dichotomize the SP coverage: around its median

in 2009. In this way, the upper half of the distribution in 2009 is taken as the treatment

2 Another potential approach for handling the multiple versions of SP coverage would be to focus on
particular levels of exposure, however, our sample size for each version (no two are exactly the same) limits
the effectiveness of this approach.
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group, and the lower half as control.

Using this dichotomized version of the SP coverage in 2009, we control for the 7
covariates corresponding to the year 2001, that is the year prior to the implementation of
the SP program in its pilot phase.

Note that every estimate obtained following this design (Fig. 1.5), implicitly assumes
that every SJ with an SP coverage roughly above 50% has being exposed to the same
treatment regimen. Of course, compounding different levels of coverage into one single
regimen misses the opportunity to exploit the most part of the SP coverage variability.
Moreover, ignoring multiple versions of treatment can result in biased estimates due to
inadequate control for confounding. Also, even if confounding is not a problem, this
fuzziness in the treatment complicates the interpretation of causal quantities making it
more subtle.

Nevertheless, even though we cannot say that the median dichotomized coverage cor-
responds unambiguously to a single homogeneous intervention, provided we have ade-
quately controlled for confounding for the SP coverage (not just the median dichotomized
version), we can potentially interpret the causal effect derived from this approach as the
effect of comparing two randomized interventions. Think of a randomized control trial
where levels of coverage are randomly assigned among SJs with the same characteristics,
in one arm according to the distribution of levels above the median coverage, and, in the
other arm, according to the distribution of levels under the median coverage. All of it under
the (strong) assumption of no unmeasured confounding for the continuous SP coverage,
something we can put to empirical test.

In this setting, the matching is performed by making use of two algorithms that au-
tomatize covariate balance optimization Genetic Matching (GM) [10], an evolutionary
search algorithm to determine the weight each covariate is given; and Covariate Balanc-
ing Propensity Score (CBPS) [24], which models treatment assignment while optimizing
the covariate balance in a Generalized Method of Moments (GMM) framework. The idea

behind the CBPS is simple and consist of adding to the usual score vector of the treatment
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Figure 1.5: Causal Diagram Implicit in Median Dichotomized Continuous Treatment

Where U are unobserved exogenous variables, common causes of the level of exposure to treatment A and pretreatment covariatesX,

R the dichotomized (coarsened) version of the treatment (multiple values of A map onto a single value R = r), and Y the outcome.

assignment model, the difference in means between the treatment and control groups of
every covariate as moment conditions. We also examine the limit case of balancing co-
variates dispensing altogether with the treatment assignment model. This non-parametric
version of the CBPS methodology (NP-CBPS) can help us gain insight into what is to be
expected from achieving a better balance.

Keep in mind that, in this case, the median dichotomized SP coverage acts as a mis-
measured form of the original causal variable; that is, we have deliberately removed data
in order to use traditional propensity score methods. However, there have been extensions
to these methods in the last 15 years that allow us not to compromise data analysis in the

face of recipients exposed to the same treatment in different degrees.

Generalized Propensity Score

Even though Hirano and Imbens [21] coined the term Generalized Propensity Score
(GPS), several researchers proposed generalizations of the propensity score methodology
for non-binary treatments before [43, 27, 26].

As in the case with the binary treatment, in estimating the GPS researchers model

the distribution of the observed treatment assignment given pre-treatment covariates us-
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ing a parametric model. In the practical implementation of this methodology, researchers
often fit Gaussian distributions to continuous treatments like the SP coverage by means
of Ordinary Least Squares (OLS). In other words, the GPS is equal to the treatment as-
signment model density, not necessarily Gaussian, evaluated at the observed treatment ()
exposure and covariates (x), frix(t,X).

There are several GPS methods to estimate the causal response of a continuous treat-
ment [21, 12, 41] (for a comparison of the empirical performance of these methods see
[52]). However, to allow for a better comparison with our dichotomous-treatment esti-
mates, here we follow the GPS version of the Inverse Probability of Treatment Weights
(IPTW) suggested by Robins, Herndn and Brumback [43]. Robins and colleagues pointed
out that using 1/ frix(¢,x) as weights can lead to very unstable estimates, and suggested
to use instead a more stable version of the weights: W (t,z) = fr(t)/frx(t,x), where
the numerator corresponds to an estimate of the empirical distribution of the treatment. In
particular, we use Robins’ stabilized weights in regressing the outcome variables against
SP coverage.

In estimating the stabilized weights, we have regressed SP coverage against our 7 co-
variates: doctors’ offices, staffed and non-staffed hospital beds, physicians and nurses with
and without day-to-day contact with patients, and all two-way interactions between these
7 variables, 35 variables in total, i.e.,

frix = a;%exp{—;,g T~ <X'ﬂ>12},

where [ is the vector of regression coefficients, and fr(t) is estimated in the same fashion,
only this time using an empty model.

Besides these OLS-based stabilized weights, we have also used a robust estimation
procedure to estimate three different weights as proposed by Fong, Ratkovic, Hazalett
and Imai [13], which is an extension of the CBPS methodology to continuous treatments.
Like the CBPS for dichotomous treatments, this extension automatizes covariate balance

optimization, which in this case signifies minimizing the correlation between the covari-
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ates and the treatment. We estimate three different weights following this methodology
[14]: two parametric models, one that gives equal importance to both correctly predict
treatment-assignation and balancing covariates (CBPS-OVER), and a second one that
privileges covariate balance over the probabilistic model (CBPS-EXACT); and the non-
parametric approach that dispenses with models altogether only minimizing covariate bal-
ance (NP-CBPS) by means of Lagrange multipliers. It is important to note that none of the
three CBPS-continuous weights use interactions, unlike the OLS stabilized weights, since
our main concern is balancing only our 7 covariates.

Again, but this time using the original (continuous) SP coverage in 2009, we control for
the 7 covariates corresponding to the year 2001. If covariates are indeed balanced across
the different levels of SP coverage in the different CBPS pseudo-samples, we would expect

that regressing each covariate against SP coverage results in a non-significant coefficient.

Heterogeneous Treatment Effects

Under ideal conditions, the Average Treatment Effect (ATE) provide a complete de-
scription of the relationship between the treatment and the outcome distribution across
beneficiaries. However, it is well-known that averages may mask important subgroup dif-
ferences, making it necessary to look into the conditions under which the same exposure
to the treatment has a differential effect across segments of the population. This is of par-
ticular importance for social development programs attempting to reach those in greater

need.

Quantile Treatment Effects

In exploring heterogeneous treatment effects, Quantile Treatment Effects (QTEs) play
an essential role. QTEs give us the effect of the treatment, not on the mean, but on any
given quantile of the outcome distribution. Thus, looking at the effect that a treatment has

on different quantiles, researchers can go beyond the mean and assess the effect of the
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treatment on the shape of the entire outcome distribution. Knowing whether the treatment
has changed the skew in the outcome distribution or not, allows researchers to address
questions about who are making the most of social programs, uncovering best practices
and possible undesired effects on inequality.

A nice feature of the IPTW approach is that it can be easily modified for this end merely
by resorting to a Quantile Regression [33]. The idea is basically the same as before only
this time, instead of estimating the conditional mean by OLS, we have estimated several

conditional quantiles of the outcome variables.

Interaction Effects

Also in the IPTW framework, investigating the interaction between the treatment and
pre-treatment covariates can help in profiling recipients unable to benefit from the program
as intended. The idea is to test, in a regression framework, whether the effect of SP cover-
age varies with the density of health care resources observed before SP. Where a positive,
statistically significant coefficient estimate for the interaction between SP coverage and a
pre-SP covariate, would suggest a stronger effect of SP as SJs are better off in terms of the

covariate in question.

1.5 Results

Common Support

In order to compare only alike sanitary jurisdictions in everything but their SP cover-
age, following King and Zeng [29, 30] we use only the 194 SJs with the smallest mean
distance to the rest of the observations in the data. In other words, we have dropped from
the analysis the least comparable (farthest away in the covariate space) 17% of our SJs
according to Gower’s [16, 17] metric. This trimming results in a more compact (Fig. 1.6,

Appendix Table A.1), less model dependent data set that allows better comparisons across
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SJs.

Median Dichotomizing SP Coverage

Using the dichotomized version of the SP coverage in 2009, we match SJs on the 7
covariates corresponding to the year prior to the implementation of the SP program in its
pilot phase: doctors’ offices, staffed and non-staffed hospital beds, physicians with and
without day-to-day contact with patients as well as nurses, also with and without day-to-
day contact with patients.

From all three matching algorithms we can see we get a fairly balanced sample (Table
1.1) to estimate the effect of SP coverage. All differences in means are non-significant in
the matched samples, reduction in bias is also quite sizable as well as the corresponding
length of the equivalence regions. It is also worth noting that, after matching, none of
the seven variables reject the hypotheses of equality of distribution. There are differences,
however, in the variance of the variables across samples, where applying the GM algorithm
results in groups more alike, especially regarding doctors’ offices and nurses without day-
to-day contact with patients, apparently at the expense of bias. All in all, these matching
algorithms give us a range of balanced samples with different degrees of compromise

between bias and variance.



Figure 1.6: Descriptive Statistics of the Sanitary Jurisdictions
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Source: Personal elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System).

The left and right side of each box are the first and third quartiles, and the band inside is the second quartile (the median). Whiskers represent the lowest datum still within 1.5
Inter Quartile Range of the lower quartile, and the highest datum still within 1.5 Inter Quartile Range of the upper quartile. Outliers as dots.

Other than SP coverage, variables are expressed per thousand population without traditional work-related health insurance (IMSS, ISSSTE, Pemex, the Ministry of Defense or
the Navy).

SP coverage refers to affiliates as proportion of the population without traditional health insurance.

The whole sample result from aggregating the municipality level data to the sanitary jurisdiction level.

The trimmed sample results from dropping the farthest away observations in the covariate space according to Gower’s metric [16, 17]. The Gower distance between two SJs,

is the average of the absolute differences between the covariates, as a proportion of the range of the corresponding covariate in the data.
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Table 1.1: Covariate-Balance for Dichotomous Treatment on Sanitary Jurisdictions®

Variable Mean % red Diff. in means?  Eq. region® K-Stest V(T)/
(2001)®  Sample® Treated Control % bias bias t p>t diff stddiff p-value/ V(C)
UM 0.50 0.40 52.20 3.63 0.00 0.16 80.48 0.00 1.18
DO GM 0.45 0.44 540 89.70 0.38 0.71  0.07 33.49 0.56 0.90
CBPS 0.46 0.43 1530 70.60 099 033 0.09 4592 0.11 0.67*
NPCBPS  0.45 0.45 0.10 99.80 0.01 099 0.07 3323 0.23 0.53*
UM 0.40 045 -16.90 -1.18 024  0.14 45.26 0.75 0.57*
SHB GM 0.42 0.44 -6.10 64.00 -046 0.65 0.10 32.39 0.39 0.85
CBPS 0.42 0.42 -1.90 88.80 -0.14 0.89 0.09 28.99 0.72 0.81
NPCBPS 043 0.42 020 98.60 0.02 099 0.08 26.88 0.51 0.91
UM 0.81 0.54 78.00 5.43 0.00 036 106.33 0.00 1.19
NSHB GM 0.68 0.66 7.20  90.80 0.51 0.61 0.12 35.11 0.75 1.07
CBPS 0.71 0.66 14.60 8130 094 035 0.15 4525 0.51 0.79

NPCBPS  0.67 0.67 -0.10 99.80 -0.01 099 0.11 30.80 0.67 0.69

Table continues
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Variable Mean % red Diff. in means?  Eq. region® K-Stest V(T)/
(2001)®  Sample® Treated Control % bias bias t p>t diff stddiff p-value/ V(C)
UM 0.87 0.75 34.60 241 002 022 6293 0.01 1.00
GM 0.80 0.79 250 9280 0.18 0.86 0.10 29.37 0.91 1.03
e CBPS 0.83 0.78 13.00 6230 0.93 035 0.14 40.75 0.32 0.90
NPCBPS  0.81 0.81 0.10 99.70 0.01 099 0.10 28.81 0.76 0.81
UM 0.06 0.06 -13.70 -095 034 0.02 4198 0.62 0.60*
PWOC GM 0.06 0.06 -5.10 62770 -0.38 0.71  0.02 31.59 0.81 0.88
CBPS 0.06 0.06 -0.60 95.60 -0.04 097 0.01 28.76 0.16 0.68
NPCBPS  0.06 0.06 020 98.60 0.01 099 0.01 29.36 0.14 0.73
UM 1.07 0.97 20.40 142 016 024 48.69 0.02 0.77
GM 1.02 1.02 1.20 9420 0.08 093 0.14 28.89 0.56 0.93
e CBPS 1.05 0.99 1230 39.80 0.85 0.39 0.20 40.58 0.45 0.85
NPCBPS 1.02 1.02 020  99.00 0.01 099 0.14 29.02 0.90 0.76

Table continues
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Variable Mean % red Diff. in means?  Eq. region® K-Stest V(T)/
(2001)®  Sample® Treated Control % bias bias t p>t diff stddiff p-value/ V(C)
UM 0.06 0.08  -23.70 -1.65 0.10 0.04 52.00 0.21 0.50*
GM 0.06 0.07 -8.10  66.00 -0.63 053 0.02 33.14 0.50 0.79
CBPS 0.07 0.07 -820 6530 -0.62 054 0.02 3448 0.79 0.66*
NPCBPS  0.07 0.07 0.10 99.60 0.01 099 0.02 27.56 0.76 0.79

NWOC

Source: Personal elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative
records

* if variance ratio outside [0.67; 1.50] for UM and [0.67; 1.50] for all matching algorithms

@ Treatment variable results from dichotomizing Seguro Popular coverage in 2009 around its median.

b Per thousand population without traditional (work-related) health insurance (IMSS, ISSSTE, Pemex, the Ministry of Defense or the Navy), where DO stands for doctors’
offices, SHB for staffed hospital beds, NSHB for non-staffed hospital beds, PWC for physicians in day-to-day contact with patients, PWOC for physicians without day-to-day
contact with patients, NWC for nurses in day-to-day contact with patients and NWOC for nurses without day-to-day contact with patients.

¢ UM sample refers to the 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data, GM to the sample matched using Genetic
Matching, CBPS to the sample matched using Covariate Balance Propensity Score and NPCBPS to the sample matched using Non-parametric Covariate Balance Propensity
Score.

@ As suggested by t-statistic, none of the tests in the table take into account the statistical error associated to the matching procedure.

¢ Equivalence region as the largest difference at which the null hypothesis of difference-in-means would be rejected with a confidence of 95%, both in units of the variable
tested and standardized by the average variance of treated and no-treated. Unlike the difference-in-means test (left columns), where the equivalence is the null and difference
the alternative, here we only reject the null if sufficient data exists to demonstrate otherwise. The region does not take into account the matching algorithm.

f Kolmogorov-Smirnov equality-of-distributions test, the corrected combined p-value is reported.

9 Variance ratio of treated over non-treated. An asterisk is displayed for variables that have variance ratios that exceed the 2.5th and 97.5th percentiles of the F-distribution

with number of matched treated minus 1 degrees of freedom.

IC
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Looking at the change in the density of doctors’ offices, physicians and nurses from
2001 to 2010 we can see (Fig. 1.7, Appendix Table A.2) our estimates suggest that SP has
had a clear positive impact on SSA’s resources.

However, several important points concerning the interpretation of these results merit
attention. First, we would be wrong in assuming these estimates correspond to the average
treatment effect of SP full coverage, for the information lost in dichotomizing the treatment
has led us to identify a different causal quantity difficult to pinpoint [19, 51], thus limiting
data analysis. Secondly, by definition, the causal effect of the median dichotomized cov-
erage is null (Note that in Fig. 1.5 there is no arrow from R to Y since, after all, we only
dichotomized the causal variable). What the results of this approach are quantifying is
the association between the dichotomized coverage and the outcome variables, mediated
through their common cause: the original continuous SP coverage. As noted in Section
1.4, these effect estimates can be interpreted as an estimate of what would have been ob-
served in the randomized trial in which, within strata of covariates X = x, an SP coverage
is randomly assigned to every SJ from the observed distribution of “levels of coverage”
in the population among those with coverage, in one arm superior to the median, and in
the other arm less than the median. But this interpretation is predicated on the assumption
that we have adequately controlled for confounding for the underlying continuous version
of the treatment variable; that is, the assumption of no unmeasured confounding for SP
coverage.

In this regard, it is important to note that balancing covariates with respect to the me-
dian dichotomized SP coverage does not necessarily achieve “balance” across different
values of the original continuous causal variable. We can see (Figs. 1.8 and 1.8, Ap-
pendix Table A.3) how this is not the case for doctors’ offices, non-staffed hospital beds,
physicians and nurses in day-to-day contact with patients, where, despite the fact that in
the pseudo-samples generated with every matching algorithm, the correlation between the
dichotomized SP coverage and these covariates is statistically indistinguishable from zero,

the correlation still remains when we look at the original (continuous) SP coverage. This



Figure 1.7: Average Treatment Effects of Dichotomized SP coverage on Sanitary Jurisdictions by Matching

Algorithm®®
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Source: Personal elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative
records

The left and right side of each box are the first and third quartiles, and the band inside is the second quartile (the median). Whiskers represent the lowest datum still within 1.5
Inter Quartile Range of the lower quartile, and the highest datum still within 1.5 Inter Quartile Range of the upper quartile. Outside values are not shown.

Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

SP coverage refers to the number of affiliates in 2009 as proportion of the population without traditional health insurance: IMSS, ISSSTE, Pemex, the Ministry of Defense or
the Navy.

* In day-to-day contact with patients

“Effects on the 2010-2001 increment in the density of resources, per thousand population without traditional health insurance: IMSS, ISSSTE, Pemex, the Ministry of Defense
or the Navy. Where the treatment variable results from dichotomizing Seguro Popular coverage in 2009 around its median.

bUM corresponds to the unmatched 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data, CBPS to the sample matched using
Covariate Balance Propensity Score, GM to the sample matched using Genetic Matching and NP-CBPS to the sample matched using Non-parametric Covariate Balance

Propensity Score, all with respect to dichotomized treatment.
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is so even in the NP-CBPS pseudo-sample, where the correlation with the dichotomized
treatment is driven to virtually zero.

In other words, the data suggests that it would be a mistake to assume that we can treat
SP coverage as randomly assigned within our treatment groups in the matched samples,
seriously undermining any causal interpretation of these estimates related to the original
SP coverage. This challenges arise because the causal effect of aggregated/compound
treatments (in our case dichotomized) depends on the distribution of the original treatment
in the population [19], which we have not taken into account (as if utterly random with
equal probability). We could still recover the causal interpretation of our estimates if
we were to resort to other statistical methods that allow us to consider the distribution
of “coverage levels” given the dichotomized coverage and covariates, that is, twice the
conditional probability density of the coverage on each side of the median; but this would
bring up the question of why not estimate the causal effect of the original SP coverage
itself instead.

This leaves us with a poorly defined intervention for the purposes of thinking about
causal effects (we do not know which causal effect is being estimated, if any), let alone
actionable policy recommendations. However, these estimates still render statements such
as “being in the upper half of the distribution of levels of coverage is on average better
than being on the lower half”, provided that these statements are understood with refer-
ence to the current, unknown (otherwise we would have taken them into account) policies
for assigning levels of coverage. On the other hand, if one does not know what exactly
these policies consist of, then one does not know what kind of intervention will have an
effect that bears much resemblance to the estimate just obtained, making it meaningless
for public policy.

If we are not to compromise possible insights discarding valuable data in aggregating
coverage levels, we need to resort to other propensity score methods, different from those

designed for binary casual variables.



Figure 1.8: Covariate-Balance for SP coverage with Balanced Samples with respect to Dichotomized Treatment on

Sanitary Jurisdictions
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(c) Physicians* (d) Nurses*
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Source: Personal elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative
records.

The left and right side of each box are the first and third quartiles, and the band inside is the second quartile (the median). Whiskers represent the lowest datum still within 1.5
Inter Quartile Range of the lower quartile, and the highest datum still within 1.5 Inter Quartile Range of the upper quartile. Outside values are not shown.

Coefficients result from linear regressions of each covariate in 2001 on the dichotomized and original SP coverage in 2009, weighted accordingly to the pseudo-sample in
question.

Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

* In day-to-day contact with patients

SP coverage refers to affiliates in 2009 as proportion of the population without traditional health insurance (IMSS, ISSSTE, Pemex, the Ministry of Defense or the Navy).
Dichotomous treatment variable results from dichotomizing Seguro Popular coverage in 2009 around its median.

UM corresponds to the unmatched 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data, CBPS to the sample matched using

Covariate Balance Propensity Score, GM to the sample matched using Genetic Matching and NP-CBPS to the sample matched using Non-parametric Covariate Balance

Propensity Score, all with respect to dichotomized treatment.
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Continuous Treatments

Again limiting our estimates to the trimmed 194 SJs sample, using the original contin-
uous version of the SP coverage in 2009, we can see (Fig. 1.9, Appendix Table A.4)
that, unlike the pseudo-samples generated using the PS methodology for dichotomous
treatments, the pseudo-samples generated using the several weighting algorithms for con-
tinuous treatments (as described in Section 1.4), indeed break the association observed
between the covariates and the SP coverage, although the CBPS-OVER algorithm leaves
room for doubt at the 90% confidence level.

Looking again at the change in the density of doctors’ offices, physicians and nurses
from 2001 to 2010, this time using the pseudo-samples generated for the original SP cov-
erage, we see (Fig 3.3, Table A.5 in appendix) that these new estimates also suggest that
SP has had a positive impact on SSA’s resources (all estimates statistically different from
zero), and unlike the dichotomous estimates, we can interpret them as the Average Treat-
ment Effect of full SP coverage on the SJs. Attending to the smallest numbers, which also
correspond to the best balanced sample, our estimates suggest that on the average, for our
trimmed sample, full coverage of SP translates into roughly 2 doctors’ offices, 6.5 physi-
cians and 8 nurses, both in day-to-day contact with patients, per ten thousand population.
These numbers may seem small, but keep in mind that in 2001, in these same 194 SJs, the
average density of these same resources was 4.5, 8 and 10 respectively. Also of impor-
tance is to note that these figures differ substantially from the “naive” OLS estimates that
overestimate the impact of SP on doctors’ offices by 26%, and underestimate its impact on
physicians and nurses in day-to-day contact with patients by 23% and 34% respectively.
Let’s not lose sight of the fact that these estimates belong to the average, that is, not to
a SJ in particular, and that some SJs may be doing better than others in expanding these

resources for different reasons.

3We see this regressing each covariate against SP coverage before and after appropriately weighting the
trimmed sample.
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Figure 1.9: Pre-Treatment-Covariate-Balance for SP coverage on Sanitary Jurisdictions by

Weighting Algorithm
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(e) Physicians** (f) Nurses*
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Source: Personal elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System)
and Seguro Popular administrative records
The left and right side of each box are the first and third quartiles, and the band inside is the second quartile (the median). Whiskers
represent the lowest datum still within 1.5 Inter Quartile Range of the lower quartile, and the highest datum still within 1.5 Inter Quartile
Range of the upper quartile. Outside values are not shown.
Coefficients result from linear regressions of each covariate in 2001 on the original SP coverage in 2009, weighted accordingly to the
pseudo-sample in question.
Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.
* In day-to-day contact with patients
** Without day-to-day contact with patients
SP coverage refers to Seguro Popular affiliates in 2009 as proportion of the population without traditional health insurance: IMSS,
ISSSTE, Pemex, the Ministry of Defense or the Navy
Where UM corresponds to the unmatched 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations
in the data, OLS-SW to the sample weighted using Robins’ stabilized weights assuming Gaussian distribution fitted with all two-way
interactions; CBPS-OVER to the sample weighted using Over-identified Covariate Balance Propensity Score, which gives equal impor-
tance to both correctly predict treatment-assignation and balancing covariates; CBPS-EXACT to the sample weighted using Exactly-
identified Covariate Balance Propensity Score, which privileges covariate balance over the probabilistic model; and NPCBPS to the
sample weighted using Non-parametric Covariate Balance Propensity Score, which dispenses with models altogether only minimizing

covariate balance using Lagrange multipliers.
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Figure 1.10: Average Treatment Effects of SP coverage on Sanitary Jurisdictions by Bal-

ancing Algorithm
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Source: Personal elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System)
and Seguro Popular administrative records

The left and right side of each box are the first and third quartiles, and the band inside is the second quartile (the median). Whiskers
represent the lowest datum still within 1.5 Inter Quartile Range of the lower quartile, and the highest datum still within 1.5 Inter Quartile
Range of the upper quartile. Outside values are not shown.

Estimates result from linear regressions of each outcome variable on the original SP coverage in 2009, weighted accordingly to the
pseudo-sample in question.

Effects on the 2010-2001 increment in the density of resources, per thousand population without traditional health insurance (IMSS,
ISSSTE, Pemex, the Ministry of Defense or the Navy).

Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

* In day-to-day contact with patients

SP coverage refers to affiliates in 2009 as proportion of the population without traditional health insurance: IMSS, ISSSTE, Pemex, the
Ministry of Defense or the Navy.

Where UM corresponds to the unmatched 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations
in the data, OLS-SW to the sample weighted using Robins’ stabilized weights assuming Gaussian distribution fitted with all two-way
interactions; CBPS-OVER to the sample weighted using Over-identified Covariate Balance Propensity Score, which gives equal impor-
tance to both correctly predict treatment-assignation and balancing covariates; CBPS-EXACT to the sample weighted using Exactly-
identified Covariate Balance Propensity Score, which privileges covariate balance over the probabilistic model; and NPCBPS to the
sample weighted using Non-parametric Covariate Balance Propensity Score, which dispenses with models altogether only minimizing

covariate balance using Lagrange multipliers.
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Heterogeneous Treatment Effects

As noted in Section 1.4, IPTW methods can be easily modified to go beyond the Av-
erage and into the Quantile and Interaction Treatment Effects to profile segments of the
population with heterogeneous responses to SP full coverage. Looking at the QTE, we can
see from our estimates (Fig. 1.11, Table A.6 in appendix) that the effect of full SP cover-
age is smaller in the lower part of the outcome distributions. This suggests that SP has had
more than a central location effect on the outcome distributions, as would correspond to
similar magnitudes across quantiles. On the contrary, treatment effects are quite heteroge-
neous along the distribution of the outcome variables, being clearly more concentrated as
we move towards the upper quantiles in the case of doctors’ offices and the third quartile
for physicians and nurses. That is to say that the QTEs show that SP program has widened
the spread of the outcome distributions, exacerbating the increment in the density of health
workforce and infrastructure as SJs were better off making progress on this front. This is
particularly so for doctors’ offices, where the effect of SP is statistically indistinguishable
from zero for the first decile, and grows steadily up to twice the mean for the last one. It
is important to note that physicians and nurses also exhibit the smallest coefficients in the
first two deciles of their respective distributions, being mostly non-significant for the first
decile, with a third quartile roughly 1.5 times the average.

It is important to remember, before jumping to conclusions, that the outcome variables
examined correspond to changes in the density of SSA’s resources, not the density of the
resources themselves. Whether SP has contributed or not to a more unequal distribution
of health care resources in Mexico depends on which are those SJs reaping the most ben-
efits from program. If the SJs benefiting the least from the program were precisely those
less advantaged in terms of health care resources, then the SP program would likely have
contributed to the inequality in the distribution of these resources. If, on the other hand,
the least advantaged jurisdictions were making the most of the program, it would have
contributed to alleviate this same inequality.

In this regard, our interaction estimates (Fig. 1.12, Table A.7 in appendix) between SP



32

Figure 1.11: Quantile Treatment Effects of SP coverage on Sanitary Jurisdictions by Bal-

ancing Algorithm
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Source: Personal elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System)
and Seguro Popular administrative records

The bottom and top of each box are the first and third quartiles, and the band inside is the second quartile (the median). Whiskers
represent the lowest datum still within 1.5 Inter Quartile Range of the lower quartile, and the highest datum still within 1.5 Inter
Quartile Range of the upper quartile. Outside values are not shown.

Estimates result from linear quantile regressions of each outcome variable on the original SP coverage in 2009, weighted accordingly
to the pseudo-sample in question.

Effects on the 2010-2001 increment in the density of resources, per thousand population without traditional health insurance (IMSS,
ISSSTE, Pemex, the Ministry of Defense or the Navy).

Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

* In day-to-day contact with patients

SP coverage refers to affiliates in 2009 as proportion of the population without traditional (work related) health insurance.

Where OLS-SW corresponds to the sample weighted using Robins’ stabilized weights assuming Gaussian distribution fitted with all
two-way interactions; CBPS-OVER to the sample weighted using Over-identified Covariate Balance Propensity Score, which gives
equal importance to both correctly predict treatment-assignation and balancing covariates; CBPS-EXACT to the sample weighted
using Exactly-identified Covariate Balance Propensity Score, which privileges covariate balance over the probabilistic model; and
NPCBPS to the sample weighted using Non-parametric Covariate Balance Propensity Score, which dispenses with models altogether

only minimizing covariate balance using Lagrange multipliers.
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coverage and the baseline levels of the resources suggest that SP has had stronger effects
boosting the investment on physicians and nurses in day-to-day contact with patients as
the density of physicians without day-to-day contact with patients in 2001 grows larger in
the SJs. Bear in mind that, in 2001, more than half of the physicians without day-to-day
contact with patients were engaged in administrative tasks, with the rest dispersed among
educational activities, epidemiologists and anatomo-pathologist. That is to say that the
number of physicians without day-to-day contact with patients is closely related to institu-
tional development and higher-level health care services. In 2001, 64% of the physicians
without day-to-day contact with patients worked at Specialized (Inpatient) Hospitals.

Looking closely at the distribution (1000 repetitions) of our estimates for physicians
and nurses in Figure 1.12, we can see that SP seems to have a higher effect on SJs with
lesser densities of doctors’ offices, which would indicate that poorer SJs favor the invest-
ment in health workers providing clinical care.

Taken together, the heterogeneity in SP treatment effects would suggest that the SJs
making the most of SP are precisely those better off in terms of the material and human
resources examined. These results seem to evidence the apparent incapability of SP to
work against the inequality in the distribution of resources associated with to the provision

for healthcare services.

1.6 Conclusions and Discussion

First of all, our results point in the same general direction of those of Bosch and Cam-
pos [5]: on the average, the SP program has translated to increases in the resources allo-
cated to provide health care. However, a number of the precise technical details differ. In
this paper we’ve taken a step further in various directions: on the one hand, in assessing
the impact of SP on the infrastructure and human resources of the SSA, we have used the
basic regional administrative unit in charge of the operation of healthcare services and

programs as units of analysis: the sanitary jurisdiction. On the other hand, we have also
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used the coverage of Seguro Popular as a continuous causal variable, which has allowed
us to gain insight into the effects of SP otherwise impossible.

We have shown evidence that average results hide a great deal of information regarding
the effects of SP. Through a heterogeneity analysis we have shown that quite possibly SP
has had distributional effects on the resources involved in the provision for healthcare
services. Our results suggest that the sanitary jurisdictions that were better off in terms of
these resources before SP, are precisely those making the most of the program. The fact
that SP may be leaving behind the most vulnerable geographic areas in the country is of
major concern from a public policy perspective, for it points to the need for complementary
public health policies.

We have also shown strengths and weakness of different research designs according
to their causal and statistical assumptions, we believe it is for the benefit of applied re-
searchers to be reminded of how different versions of treatment may affect (bias) in-
ferences and their interpretation, a problem generally not possible to eliminate entirely
in making causal inference, against which we must remain always vigilant. We cannot
overemphasize the importance of this when informing public policy.

In this regard, it is useful to be explicit about the statistical and causal assumptions be-
hind all of our estimates. Most importantly, our treatment variable, SP coverage, makes no
distinction between different treatment histories. As long as two sanitary jurisdiction ex-
hibit the same program incidence in 2009, our approach treats them as if they had the same
amount of treatment exposure, which may not be true in a very direct sense. It may well
be that even though two municipalities show the same coverage in 2009, say 80 percent
of the population without traditional (work-related) health insurance, one of them has just
recently achieved this while the other has been showing this level of coverage for several
years. In this context it may seem somewhat inappropriate to consider that these two terri-
tories have been exposed to the same benefits of the program. Also, overlooking treatment
histories altogether has led us in turn to omit considering their possible interaction with

confounders at different points in time; that is, in all of our estimates we have ignored the
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possibility that SP coverage is time-varying.

Our analysis focused on contrasting different assumptions help us to consider, by anal-
ogy, the implications of overlooking time-dependence, as this can be seen as another way
of compounding (aggregating) treatments that may lead to inadequate control for con-
founding.

To see why this is so, consider that conditioning only on covariates from 2001, the
year prior to the implementation of the SP program in its pilot phase, we have implicitly
assumed SP coverage as a fixed, time-independent (non-dynamic) treatment, and that the
covariates from 2002 to 2008 do not provide relevant information for the causal analysis
at hand (Fig. 1.13).

However, let’s keep in mind that, even in 2009, the affiliation effort of SP had reached
over 31 million people, of which 28 million lived in our trimmed sample of 194 SJs.
Naturally, affiliating this many people took years, and it is quite likely that during those 7
years, the SP’s roll-out strategy reacted to the changing conditions SP itself helped bring
about.

If this had actually happened, suppose that in fact X; lies in the causal path (is an effect
of) exposure A;_;as depicted in Fig. 1.13, there would be some uncontrolled confounding
in our design running through the dashed lines. However, note that covariates from 2002
to 2008 are no longer strictly pre-SP covariates with respect to the coverage attained by
2009, only with respect to the coverage attained after the specific year we are looking at.
Indeed, covariates from 2006, for example, are pre-treatment with respect to the increment
in coverage observed after that year, but at the same time are post-treatment with respect
the coverage observed already by that same year. In that sense, all the covariates from
2002 to 2008 are, at the same time, pre-treatment and post-treatment with respect to some
part of the coverage observed in 2009. Thus, we would be mistaken in including them in
our estimation of the GPS, for we would be severing one possible channel through which
the treatment may be affecting the outcome (the dotted lines in Fig. 1.13), a clear example

of post-treatment bias [4]. On the other hand, by not including them, we are probably
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biasing our estimates of the impact of SP by leaving out relevant confounders from the
analysis.

However, behind our assumed homogeneity in SP coverage is the current state of
methodology on GPS methods, which have yet to reach the case of continuous time-
depending treatments.* There are further generalizations of the GPS methodology that
exploits precisely the time-series cross sectional nature of data sets [4, 43, 14], but so
far they’ve focused only on time-varying dichotomous treatments. In a first impulse, re-
searchers may try to dichotomize SP coverage every year in order to apply these method-
ologies, but this strategy leads to missing the opportunity to use all the available informa-
tion just like in the fixed case. Consider the case where the particular level of coverage
at time ¢ may be a strong confounder for the dichotomized coverage at subsequent times.
Plus, there is no clear way to dichotomize SP coverage following the same rule every year,
difficulting even more the interpretation of causal quantities.

Let this discussion serve as motivation to keep pushing forward Propensity Score meth-

ods, a task we take upon ourselves in the next chapters.

4Causal inference for time-varying continuous treatments requires estimating the conditional probability
density of continuous treatment histories.
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Figure 1.12: Interaction Effects of SP coverage with Pre-Treatment Covariates on Sanitary

Jurisdictions by Balancing Algorithm
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(c) Nurses*
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Source: Personal elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System)
and Seguro Popular administrative records

The bottom and top of each box are the first and third quartiles, and the band inside is the second quartile (the median). Whiskers
represent the lowest datum still within 1.5 Inter Quartile Range of the lower quartile, and the highest datum still within 1.5 Inter
Quartile Range of the upper quartile. Outside values are not shown.

Estimates result from linear regressions of each outcome variable on the original SP coverage in 2009 and its interaction with all 7
per-treatment (2001) covariates, weighted accordingly to the pseudo-sample in question, where SP stands for SP coverage, SPxDO for
the interaction between SP coverage and doctors’ offices, SPxSHB for the interaction between SP coverage and staffed hospital beds,
SPxNSHB for the interaction between SP coverage and non-staffed hospital beds, SPxXPWC for the interaction between SP coverage and
physicians in day-to-day contact with patients, SPxPWOC for the interaction between SP coverage and physicians without day-to-day
contact with patients, SPXNWC for the interaction between SP coverage and nurses in day-to-day contact with patients and SPxXNWOC
for the interaction between SP coverage and nurses without day-to-day contact with patients.

Effects on the 2010-2001 increment in the density of resources, per thousand population without traditional health insurance (IMSS,
ISSSTE, Pemex, the Ministry of Defense or the Navy).

Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

* In day-to-day contact with patients

SP coverage refers to affiliates in 2009 as proportion of the population without traditional (work related) health insurance.

Where UM corresponds to the unmatched 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations
in the data, OLS-SW to the sample weighted using Robins’ stabilized weights assuming Gaussian distribution fitted with all two-way
interactions; CBPS-OVER to the sample weighted using Over-identified Covariate Balance Propensity Score, which gives equal impor-
tance to both correctly predict treatment-assignation and balancing covariates; CBPS-EXACT to the sample weighted using Exactly-
identified Covariate Balance Propensity Score, which privileges covariate balance over the probabilistic model; and NPCBPS to the
sample weighted using Non-parametric Covariate Balance Propensity Score, which dispenses with models altogether only minimizing

covariate balance by means of Lagrange multipliers.
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Figure 1.13: Causal Diagram Illustrating Time-dependence

Where X are time-varying confounders, A the exposure history to treatment and Y the outcome at every
point in time. Dashed lines represent the causal assumption of no causal effects implicit in using only pre-SP

covariates in estimating the causal effect of A.



Chapter 2

Time-Varying Continuous
Interventions: Seguro Popular and the

Supply of Health Care Services

This Chapter presents a new semiparametric procedure to analyze time-
varying continuous interventions. This is accomplished by bringing to-
gether the literature on continuous and dynamic treatments. Our approach
allows the researcher to estimate Mean and Quantile Dose-Response Func-
tions by applying local regression methods to appropriately weighted sam-
ples that control for time-dependent confounding. As an empirical applica-
tion of the proposed method, we analyze the effects of the Mexican univer-
sal health insurance program, Seguro Popular, on key variables associated
with the provision of healthcare services by the Health Ministry (Secretaria
de Salud, SSA). We find compelling quantitative evidence that the program
has proven most helpful in less vulnerable territories, leaving behind those
in greater need.
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2.1 Introduction

In assessing whether or not a program has achieved its intended results, the impact
evaluation literature has heavily relied on causal inference methods focused on the effect
of a single homogeneous action at a single point in time. Observing units (households,
people, territories) at only one or two points in time, researches are typically left to assume
that the program under scrutiny —the action that in the analysis is to be interpreted as
cause— took place in a “single-shot” and without discernible variation among recipients.
Even though implicit most of the time, this is a crucial assumption. The farther away we
are from meeting this assumption and consider programs that unfold over time with varied
intensity, the more biased conventional analytic methods will be and ultimately result in
estimates that may fail to have a causal interpretation.

Naturally, implementing a program always takes time. When a program evolves over
time in a deterministic way, assuming it as a single-shot intervention does not represent a
problem in itself. If, on the other hand, the effectiveness of the intervention at earlier stages
of implementation were to affect its nature at subsequent stages', assuming the program
as a single-shot intervention could lead to comparisons between incomparable units. The
problem arises because, in a non-deterministic time-varying intervention, the dynamic of
the intervention itself generates potential confounders, which are impossible to control for
before the program takes place. It is important to note that even though in a time-varying
intervention like the one described before, units may end up with different “exposures” to
the program —as different intervention histories are observed—, this is not the reason why
it is impossible to control for variables that could bias our causal estimates using only
baseline covariates. If the intensity or duration of an intervention is somehow determined

for every unit at the outset of the program, it may be possible to control for confounders

!There is nothing abnormal in this situation, nearly all treatments of epidemiological interest present
these characteristics —imagine a drug whose dose is readjusted according to the patient’s clinical response.
Recently these tools, indeed originally developed in biostatistics and epidemiology, have been applied in po-
litical science [4] to study the effectiveness of a candidate’s decision to “go negative” in political campaigns,
an inherently dynamic process.
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using only preprogram covariates, as the program would still conform to the assumption
of a single-shot intervention (see for example the methods discussed in [52]).

To properly assess the causal effect of a dynamic process in an observational study,
researchers need to collect repeated measurements of the same units at several points in
time. When the data collected in this fashion provides information of all covariates with
the potential to both affect the future exposure and be affected by previous exposure to the
program at a given point in time —time-varying confounders—, researchers are in position
to estimate the effect of such dynamic interventions.

To this end, Robins, Herndn and Brumback[43], RHB from now on, presented a set
of tools to estimate the causal effects of dynamic processes from Time-series Cross-
Sectional (TSCS) data. These tools explicitly model the dynamic selection inherent in
these time-varying processes, overcoming the biases derived from wrongly assuming a
single-shot kind of intervention. RHB’s methodology applies Inverse Probability of Treat-
ment Weights (IPTW) to a class of semiparametric models called Marginal Structural
Model (MSM). In these MSM, each unit is weighted by the inverse probability of its
observed intervention history, creating a pseudo sample where dynamic selection is elim-
inated. Then, using this pseudo sample, the MSM dictates the form of the relationship
between the histories and the outcome of interest.

However, typically in the MSM literature, the intervention histories are coded as se-
quences of a binary variable; that is, histories of homogeneous (of uniform nature) inter-
ventions that either take place or not at every point in the time sequence [7], thus leaving
out the case of interventions that, at every stage, may occur with varied intensity —best
coded as a continuous variables.

Here we propose to fill this gap by being the first to take the applications of RHB’s
methodology from binary to continuous treatments, and then use the resulting IPTW to

estimate Mean and Quantile Dose-Response Functions (DRFs) in these dynamic contexts.

2Keep in mind that, with time-varying continuous interventions, estimating the causal effect of every
intervention history proves an impossible task in most cases as their number grows geometrically with the
number of stages.
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As an empirical application, we use this procedure to estimate the effect of the Mexi-
can universal health insurance program, Seguro Popular (SP), on key variables associated
with the provision of healthcare services by the Secretaria de Salud —Mexican Ministry of
Health— (SSA).

In line with previous research [5], we found that the program has had a positive ef-
fect on the infrastructure and human resources of the SSA. However, the methodology
implemented here allowed us to address a richer set of causal questions as we are now in
position to analyze in detail the response to the gradual rollout of the program. As a result
of this expanded scope we also found evidence that the program has had heterogeneous
effects across the regional administrative units of the SSA, exhibiting greater impacts on
those units with greater density of human and material resources, thus leaving behind those
units with scarcer resources.

The paper proceeds as follows. Section 2.2 describes how RHB’s methodology extends
the methods focused on the effect of a single homogeneous action at a single point in time.
Section 2.3 introduces the estimation procedures behind this methodology. Section 2.4
describes the weighting approach to estimating dynamic mean and quantile dose-response
functions, and section 2.5 applies the techniques for estimating the effect of the SP pro-
gram on the supply of healthcare services. Section 3.6 concludes with some public policy

implications of the analysis.

2.2 Causal Inference with Time-Varying Continuous In-

terventions

In assessing whether or not a program has achieved its intended result, a sobering well
known fact is that association is not causation. However, in randomized evaluations, as-
sociation measures can be interpreted as effect measures because randomization ensures

that the units are interchangeable whatever their exposure to the program. On the other



44

hand, in nonrandomized evaluations, association measures cannot be interpreted as effect
measures because units with different exposures to the program are not generally inter-
changeable. In order to establish to what extent a particular program—and that program
alone—contributed to the change in an outcome, after the program has been implemented,
we must turn to methods that help us imitate a randomized evaluation in generating a valid
(interchangeable) group of comparison.

In overcoming this challenge, impact evaluation methods have heavily relied on assum-
ing the program under analysis as a single homogeneous intervention. This is a suitable
framework for many programs whose intervention is reasonably standardized and takes
place only once at fairly the same time for every recipient of the program. There are,
however, many programs that don’t conform to this assumption. Programs that evolve
over long periods of time with different intensity for different units at every stage of their
implementation, reacting to the changes in the environment that themselves cause to take
place. The existence of the later kind of interventions has motivated the literature on causal
effects of time-varying exposures.

To separate the causal effect of a dynamic program from mere association, we must,
as always, be confident that the observed correlation is not due to some other variable.
This risk usually referred to in the literature as confounding, is not different from single
homogeneous interventions. However, in dynamic settings confounders may also share
the time-varying nature of the intervention. A time-varying confounder can both affect
future exposure to the program and be affected by past exposure, and impact evaluation
methods that in this case wrongly assume single homogeneous interventions provide no
way of removing the bias due to this kind of confounders [4], no matter the kind of data
available.

By a generalization of IPTW estimators [22] for longitudinal studies, RHB presented a
framework to estimate the effects of dynamic interventions (dynamic causal inference) in
the presence of time-varying confounders from TSCS data. Like other impact evaluation

methods, RHB’s approach relies on the ability to identify and, most importantly, measure
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all possible confounders, in this case repeatedly over time; that is, on a dynamic version
of the well-known “‘selection on observables” or “ignorability” assumption. Indeed, un-
biased estimation of causal effects by IPTW is impossible in the presence of unmeasured
confounding factors at any stage of the implementation of the program. Even more, if
some of the confounders are unobserved, the causal effect of a program may not be identi-
fiable, in which case there is no procedure that can estimate it consistently. Needless to say
we can never be sure that we observe all potential confounders. As is usual in empirical
research, all we can do is turn to known theory and prior evidence to inform us of possible
confounders.

In the counterfactual framework of causal inference, this assumption, also referred
to as sequential ignorability [4] or conditional interchangeability [42], states that the ex-
posure level at stage ¢ is statistically independent (ignorable) of the potential outcomes,
conditional on the covariate and exposure histories up to that point.

To express this assumption in its usual statistical form, let ¢ index recipients of the
program, with ¢ = 1,....n and ¢ the stage of the intervention, taking possible values
1,...,T, where T'is the last stage of the program recorded in the data. At every stage ¢ of
the program, recipients are observed receiving the exposure level a;; to the benefits of the
program; that is, one possible realization of the exposure variable A;. Collecting all of the
observed exposures to the program for a given recipient up to stage ¢ of the intervention
gives us the history of exposure, a;; = (a;1,...,a;), an instance of the collection of
variables A,. Let X, and z;, be similarly defined for a covariate history, where X, is the
most recent set of variables that could possibly affect A; —and are also possibly affected
by past exposure, A, ;.

Each possible exposure history @ has an associated potential outcome Y. Naturally,
any recipient of the program exhibits only one of these potential outcomes, the one as-
sociated to its own particular exposure history, which we assume does not depend on the
exposure histories of other recipients —the stable unit treatment value assumption. That is,

when some recipient is observed to have an exposure history A; = a, then Y;* = Y}, also



46

expressed for all recipients and all realizations of A as YA| A = Y| A. The other potential
outcomes, the ones that were not observed because they did not actually occur, are said to
be counterfactual.

With this notation, the assumption of sequential ignorability says that for any exposure
history a, Y21 Ay|X,, A,y = a,_,. Itis also important to note that in order to compare the
various exposure histories, IPTW estimators, as the name suggests, depend on assuming
first that one has a consistent model for the probability density function (pdf) of A; given
A, and X, (that is, the probability of A;) and, second, at any stage ¢, is not the case
that there is a covariate history z, and past exposure a,_; such that all recipients with such
histories are certain to receive the identical exposure a;. Thatis, if f4  x [a,_1, %] # 0,

t—112>t

then fa,14, | x,la¢a;,_1,%;] > 0 for all a; —each exposure history must have some positive
probability of occurring. This last assumption is closely related to the assumption of com-
mon support.> Further on we discuss this problem and how to restrict the analysis to the
common support.

Under this notation, the problem researchers face in estimating the causal effect of a
program is that typically the potential outcomes, Y%, don’t have the same distribution as
the observed outcomes, Y|A = a; that is, fya # fy|a—q, Or equivalently fya # fy|a.
This is because, in dynamic contexts, with time-varying confounders, particular levels
of exposure followed recipients with particular responses to the program, which makes
recipients incomparable.

However, what RHB showed is that, under the above assumptions (sequential ignor-
ability, consistency and positivity), it’s possible to generate a reweighted version of the
observed outcomes that conditional on A have the same distribution as the potential out-
comes using a consistent model for the pdf of A, given A, ; and X, —informally, the
probability of observing the exposure history that recipient ¢ actually took.

It is instructive to see how this works in a one stage program with a single covariate.

3The substance of the common support assumption is that we observe recipients with different degrees
of exposure to the treatment with (roughly) the same characteristics, in this way we can base our estimations
only on comparable recipients.
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First note that the observed joint pdf of Y, A and X is, by definition,

o _ fraa B ffyAVA’Xd.I B ffA|X7yA * fx‘yA x fyadx
fria = fraja = = -
fa fa fa

_ [ fax * fxjya * fyads
Ja ’

where the first equality follows from consistency, the second and fourth equalities follow

2.1

from the definition of conditional pdf, the third from the definition of marginal pdf and
the last equality follows from ignorability. Notice that if we were to use the “reweighting”
function SW (A, X) = fﬁﬁ on the distribution of the observed data(Y, A, X), we would
have that

fa § I faix * fxjya * fyadz
faix Ja

= /fX|YA * fyAd.I' = fyA. (22)

As we can see, the reweighting function, ﬁ T‘X , allows us to simulate the distribution

of fy-a and use the transformed data to estimate the causal effects of the program. Intu-

itively, as the weighting replaces f4 x with f4 in the observed data, the process alters the
distribution of A breaking the links between the exposure and the factors that affect it.
The same principle follows with time-varying settings, as long as we assume that all
confounders are observable —the idea is always to decompose the joint distribution of the
observed data into an equivalent product of conditional probabilities representing different
causal mechanisms, and then find the weighting function that removes from the product
those factors that we find are in the way to simulate the potential outcome distribution. To
demonstrate, assume that we have two covariates, X; and X, two stages with exposures,
Aj and A, and one outcome, Y . Assume further that the temporal order of these variables
is (X3, A1, Xo, A2, Y) and that every variable is affected by all its predecessors. In this

case, we would have that
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— _ fYé,Al,Az _ ff fYé7A1,A2,X1,X2dx1dJ72
Iyiana, = fya, a, = =
fAl,AQ fAl,AQ
— ff anle,ALXz,Yé * fX2|X1,A1,YA * fA1|X1,yA * fX1|yA * fyédﬂfldl‘Q
fasia, * fa,
_ ff fas) X141, * fx2|X1,A1,yA * faux, * fxya * fyadvida,

ngIAl * fA1

Where again we make extensive use of the definitions of conditional and marginal

(2.3)

pdf, and sequential ignorability in the last equality. At this point the needed reweighting
function suggests itself as

fA2|A1 * fAl

fAZ‘X17A17X2 * fA1|X1 '

SW(A X) = 2.4)

Using these weights on the distribution of the observed data we would have that
fA2|A1 * fAl
fAQ\Xl,Al,Xz * fA1|X1
N ff fas)x1,40,, * fX2|X1,A1,YA * fay|x, * fX1|YA * fyadrids

fA2|A1 * fa,

= / fX2|X1,A1,Yé * le\YA * fyadridey = fya. (2.5)

This leads naturally to the stabilized weights proposed by RHB as

T
SW(AX)=]] 7 .
t—1 At‘ét—h&t

add, 2.6)
Notice that in the denominator of the weight corresponding to recipient ¢, SW;, we find
the probability density of the observed exposure history of that recipient conditional on the
past, expressed as the product of the respective probability density at every stage, hence
the name Inverse Probability of Treatment Weighting. As we have seen, the ST removes
any confounding by ensuring that the distribution of exposure histories A is unrelated to
the measured confounders X. In this way they cannot account for any remaining differ-

ences between exposure histories and, since there is no connection between the exposure
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histories and the confounders in the reweighted data, one can simply run whatever model
we would have used in the case of a randomized evaluation. Of course, in nonrandomized
evaluations, the weights SW (A, X) are unknown, and have to be estimated. The next

section presents a procedure to do this.

2.3 Estimating the Stabilized Weights

To estimate the STV we need to model the exposure in each stage, conditional on the
past. When exposure to the intervention comes as a single action that either occurs or not,
a common approach is to estimate the probability of being exposed, p(A; = 1|4, 1, X,),

with a standard logistic regression model (logit model):
p(At - 1|At—17xt; a) = (1 + exp—h(At—hXt; a))_la (27)

where h is a linear, additive function of the exposure and covariates histories, and the
parameters . This has been known in the literature as the propensity score.

In the case of continuous interventions, RHB suggest the use of Ordinary Least Squares
(OLS) regression of A; on A,_; and X, to model the distribution of the observed exposure
given the past, i.e., A;|4;,_ 1, X; ~ N(h(4,_;,X;;),0?). For instance, we might have
h(A,_1, Xy ) = ag+a; Y-} Ap4ayX,, which models the exposure as a function of the
cumulated exposure up to the last stage and the most recent set of covariates. An estimate
of the weights requires an estimate of the parameter vector (c, ). We can obtain these
estimates, (G, &1, Ao, 62), from a pooled OLS —although we could use different models
for different subsets of recipients—, treating each recipient-stage as a separate observation.

This would amount to use the normal distribution

L t—1 . 2
1 at*(UéO*ale:lAkJF“QXt)
1 T2 &
e

fada,_,.x, = Poor :

as the basis for the estimation of the denominator of the weights. If we were to fit an-

(2.8)

other distribution to estimate («, o), we would use the corresponding pdf to calculate the
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weights.
For the numerator, all that is required is an additional model without conditioning on

the time-varying covariates, in analogy one might specify

R N t—1 2
{ atf(a8+a1‘2k:1Ak) }
EE3

f 1 _%
= e
At‘ét—l 6'* /271'

It is important to note that there is no need to assume as Gaussian the exposure assign-

2.9

ment model. In principle, one can estimate 4,14, | x, as the exposure assignment model
pdf evaluated at the observed exposure and covariates histories, for the distribution and
function h that better suits the program under analysis. [21] coined the term Generalized
Propensity Score (GPS) for this quantity as it is analogous to the propensity score for bi-
nary coded exposures.

Once we have obtained f A4, x, and f A4, , for every recipient-stage, all we need
to construct the weights is to take the product across stages and divide to obtain the esti-
mates §T/T/(A, X).

In the single-shot framework a crucial diagnostic to validate the estimated propensity
score consists on checking for covariate balance. We have seen in the last section that
under the assumptions of sequential ignorability, consistency and positivity, the exposure
is unconfounded in the weighted data, conditional on past exposure. That is, once we
have broken the link between the exposure and the covariates, at any given stage of the
program, the exposure might differ on a time-varying confounder, but these differences
might have to do with past exposure. This implication led Blackwell [4] to suggest a
balance test in a time-varying context. If after reweighting the data and conditioning on
past exposure, A, _;, A, is still predictive of X, then there is likely residual confounding
of the relationship between the outcome and the exposure [4]. We can check for these
associations comparing an unweighted and weighted pooled regression of each covariate
X at stage t on the cumulated exposure before ¢, and the level of exposure at t. We would
expect that the coefficient associated to this later regressor, A;, would be statistically non-

significant in the weighted data.
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Also of importance in the impact evaluation literature are “common support” or “over-
lap region” considerations. In the single-shot framework these technical terms refer to
restrict the estimation of causal effects to comparable recipients: those with similar distri-
bution of covariates across exposures. The idea is to avoid the bias that may arise when
the support of the distribution of X differs among groups with different degrees of expo-
sures. In the case of fixed continuous interventions a natural way to check for common
support is to split the range of the exposure in blocks and compare the distribution of the
covariates among all of them —strategy proposed by Flores, Flores-Lagunes, Gonzalez and
Neumann[12], FFGN from now on. It is important to keep in mind that these approaches
depend crucially on the blocking on the exposure.

Note that, with fixed continuous interventions, as the number of blocks grows and
ultimately reaches the number of observations in the data, comparisons end up being on
individual recipients and how “far away” every one of them is from the rest in terms of
the covariates. The farther away recipient i is from the rest, the less comparable it is since
its particular value of X; sets it apart from the rest of the recipients with values that no
other possesses. Intuitively, it would have no comparables in the data and so is not readily
useful for estimating causal effects.

Of course, there are many ways to assess the distance between one point and the rest
of the data. On this matter, King and Zeng [29, 30] have proposed the use of Gower’s
[16, 17] metric as the basis of this assessment since this measure is design to apply to both
continuous and discrete variables. The Gower distance between two points z; and z;, or
rows in the data, is defined as the average absolute distance between the elements of the

two points, divided by the range of the data:

1 K |x‘k_«75'k|
G==5 =k (2.10)
J Kkzzjl Tk

where the range is 7, = max(Xy) — min(Xy) and the min and maz functions return
the smallest and largest elements, respectively, in the set including the kth element of the

covariates X. Informally, we can see G? as the distance between two points expressed as
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a proportion of the distance across the data —although technically speaking the distance
measure is G, the square root of this quantity.

Using Gower’s measure, King and Zeng [29, 30] have suggested to summarize the
distances between a given point and the rest of the data as the fraction of observations in
the data not farther away from the point in question than the average distance —defined
as nearby observations— among all pairs of observations in the data. A similar, perhaps
more natural possibility, is to use the mean distance between the recipient under scrutiny
and the rest of the observations. In this fashion a mean value of ij over all js equal to
0.5 means that the average distance between recipient i and all other recipients requires
to travel the equivalent distance as 50% of the way across the data set. Of course, every
analysis made requires a cut-off value to distinguish those recipients too far away to be
considered comparable to the rest, usually based on data-conserving criteria.

Even after we have determined a cut-off value, in a time varying context —with recipient-
stage observations—, it is unclear which observations to compare. Given the progressive
way the weights SW(A, X)) are estimated, restrictions on the data should be imposed se-
quentially stage by stage, having eliminated recipients that are found to be too far away
from the rest in terms of X; before analyzing X, , keeping in the end only those recipients
whose covariates X; are deemed “nearby” at every stage .

It’s important to note that dropping recipients outside common support changes the
population of inference, restricting it, in principle, to those recipients for which we can
produce good answers to our causal questions.

Once the common support has been determined, the exposure assignment model esti-
mated and the stabilized weights validated by checking for covariate balance, we can use

them to estimate the causal quantities of interest.
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2.4 Mean and Quantile Dose-Response Functions for Time-

varying Continuous Interventions

With time-varying interventions, estimate the causal effect of every exposure history as
we would in a single-shot framework, proves a technically impossible task in general, for
even with interventions that only take a handful of different degrees of intensity at every
stage, the number of possible exposure histories grows geometrically with the number
of stages. With a continuum of different degrees of exposures, it’s nearly impossible to
observe two recipients with the exact same exposure histories, let alone enough to make
statistical inferences.

To estimate the effect of a time-varying intervention we need further assumptions about
which exposure histories should have similar potential outcomes: a response model. These
would allow for the entire history of exposure to affect the outcome in a structured, low-
dimensional way. We may assume, for instance, that recipients with the same accumulated
exposure should have similar potential outcomes. Whether this is a reasonable assumption
or not will depend on the program under evaluation.

The substance of the evaluation, and more often than not the amount of data on hand,
will determine what response model makes sense for the potential outcome. Imposing
structure always comes with risks of possible model misspecification. However, if sum-
marizing the recipients’ exposure histories with a scalar function, such as the cumulative
exposure cum(A;) = ZtT:l a;; , happens to be reasonable, we could avoid making addi-
tional assumptions about the functional form of the response model using nonparametric
regression methods, a strategy first suggested by FFGN in the context of fixed continuous
interventions.* In this way, within a local linear regression framework, we could estimate
a mean-response curve that maps the mean effects of program in relation to the cumulated

exposure to it: a mean DRF for the cumulative exposure.

4FFGN proposed to estimate the mean DRF of a fixed continuous intervention using a kernel-weighted
local linear regression of the outcome, Y, on the exposure, A, where each recipient’s kernel weight is divided
by its exposure assignment model pdf properly evaluated.
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Since this pseudo-sample generated by SW (A, X) simulates the entire distribution of
the potential outcome, it’s also possible to use the same kernel smoothing methods, this
time with quantile regression, to examine not just the mean, but any quantile effects of the
cumulated exposure to the program and address its potential distributional effects on the
outcome. In other words, we can also use the same nonparametric regression methods to

estimate any quantile DRFs for the cumulative exposure.

2.5 Estimating the Effect of Seguro Popular on the Sup-

ply of Healthcare Services

Our goal in this section is to apply the procedures so far discussed to estimate the
effects of the Mexican universal health insurance program, SP, on the actual capacity of
the SSA to meet the new demand of healthcare services. In particular, we focused on the
observed increment in the relative number (per thousand population outside the social se-
curity network) of SSA’s doctors’ offices, physicians and nurses in day-to-day contact with
patients (providing clinical care); perhaps the most basic human and material resources in-
volved in the provision of healthcare services. We used administrative records of the SP
program containing the number of families and individuals affiliated from 2002-2013, and
the federal records on infrastructure and human resources employed by the SSA over the
same time period.’

The SP program is a clear example of a time-varying intervention. Its implementation,
set out in 2002, was a process that unfolded over time and at a different pace from place to
place. In fact, it took over 10 years to affiliate more than 50 million people to the program

across the country, and financial resources flowed at the same pace to each state as the new

5The data is available at a yearly frequency disaggregated at the municipality level and can be
retrieved from the Sistema Nacional de Informacién en Salud (National Health Information System,
Sistema Nacional de Informacién en Salud —National Health Information System— (SINAIS)) web site:
http://www.sinais.salud.gob.mx/.
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health insurance covered more people.

If at every stage, the rollout of the program was affected by the density of SSA’s per-
sonnel and infrastructure in its regional administrative units and, at the same time, during
the years of program’s expansion, the program helped build up these human and material
resources, it becomes necessary to account for this dynamic selection if one is to assess
the effectiveness of the program.

In our analysis we focused on the 233 Sanitary Jurisdictions (SJs) as recipients of SP
coverage, defined as the number of individuals affiliated to the program relative to the size
of the target population in the SJ.° In Mexico, SJs are the most basic administrative units
of SSA in charge of the operation of healthcare services and its programs, and thus our
natural unit of analysis. Note that the SP coverage attained by SJs at any given year is
the result of a gradual nonstop affiliation effort that started in 2002; that is, a history of
increments in the exposure to the program registered yearly in our data from 2002 to 2013.

If we were to estimate the effect of SP coverage as we would in a randomized evalua-
tion, as if we knew that Y¢ | A, we may well induce bias in the causal estimates. For it is
all too likely that there are characteristics of the SJs that may have influenced the exposure
history to the program that are also related to the SJs’ capacity to further invest in human
and material resources. It is natural to assume that SJs that exhibit a lower density of hu-
man and material resources, for one reason or another, experience difficulties to translate
the federal states’ financial resources into further investment in personnel and infrastruc-
ture. Had this lower density of resources been a criterion for intensifying the coverage
efforts of SP, or even if in a more mechanical way the pace of the affiliation effort were
determined by the SSA’s personnel already on the ground, either way, particular exposure
histories would have followed SJs according to their capacity to respond to the program,
thus biasing our estimates.

To address these concerns, we included in our estimates of SP’s effect the density of

6Since the SJs are comprised of several municipalities, we use the census data to approach the size of the
target population as the number of individuals who lack the health insurance provided by law through the
social security system to all formal workers; in other words, those outside the social security network.



56

resources employed by the SSA in the provision of healthcare services as time-varying
covariates: doctors’ offices, staffed and non-staffed hospital beds, physicians with and
without day-to-day contact with patients and nurses with and without day-to-day contact
with patients. It is from these 7 variables that we have determined the common support
using Gower’s measure as described earlier, keeping only those SJs whose average dis-
tance to the rest was less than 0.5 at every stage. Following this rule, we have kept 194
SJs, a balanced panel of 2328 SJ-year observations, discarding 17% of the data. However
arbitrary this 0.5 rule may be, a notable consequence of dropping the least comparable SJs
is that it makes our estimates less model dependent [30].

Tables 2.1 and 2.2 report means and standard deviations for our data before and after

discarding the farthest observations.



Table 2.1: Descriptive Statistics of the Whole Sample

Variable Mean Std. Dev. Min Max  Observations
Overall 0.08 0.10 -0.39 0.77 N =2796
Exposure Between 0.01 0.03 0.12 n =233
Within 0.10 -040 076 T =12
Overall 0.39 0.34 0.00 1.27 N =2796
Cumulative exposure Between 0.14 0.08 0.89 n =233
Within 0.31 -0.50 1.13 T =12
Overall 0.59 0.37 0.15 325 N =2796
Doctors’ offices Between 0.36 0.16 3.02 n=233
Within 0.09 -0.07 198 T =12
Overall 0.65 0.86 0.00 9.70 N =2796
Staffed hospital beds Between 0.85 0.00 6.57 n=233
Within 0.18 -1.72 431 T =12

Table continues

LS



Variable Mean Std. Dev. Min Max  Observations

Overall 0.60 0.47 0.00 5.18 N =2796
Non-staffed hospital beds Between 0.38 0.06 355 n =233

Within 0.27 -0.63 3.04 T =12

Overall 128 1.13 0.22 1138 N =12796
Physicians in day-to-day

Between 1.10 0.30 10.51 n =233
contact with patients

Within 0.25 -1.06 3775 T =12
Physicians without Overall 0.10 0.17 0.00 222 N =2796
day-to-day contact with Between 0.16 0.01 152 n=233
patients Within 0.05 -049 1.18 T =12

Overall 1.65 1.60 0.11 17.03 N =2796
Nurses in day-to-day contact

Between 1.57 0.28 1429 n =233
with patients

Within 0.32 -1.20 438 T =12

Table continues

8¢S



Variable Mean Std. Dev. Min Max  Observations

) Overall 0.10 0.14 0.00 135 N =2796
Nurses without day-to-day
' ' Between 0.12 000 1.14 n=233
contact with patients o
Within 0.06 -035 1.00 T =12

Source: Personal elaboration based on data from the National Health Information System (SINAIS) and the administrative records of Seguro Popular.

The table shows the standard deviation decomposed into between (Z;) and within (!Eit —x; + %) components.
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Table 2.2: Descriptive Statistics of the Trimmed Sample

Variable Mean Std. Dev. Min Max Observations
Overall  0.08 0.09 -0.20 0.67 N =2328
Exposure Between 0.01 0.05 0.12 n=19%
Within 0.09 -0.21 0.67 T =12
Overall  0.38 0.33 0.00 121 N =2328
Cumulative exposure Between 0.12 0.15 077 n =19
Within 0.31 -039 112 T =12
Overall  0.50 0.22 0.15 181 N =2328
Doctors’ offices Between 0.20 0.16 156 n =194
Within 0.09 -0.17 1.89 T =12
Overall 043 0.26 0.00 2.16 N =2328
Staffed hospital beds Between 0.24 0.00 139 n=19%
Within 0.09 -0.09 1.19 T =12

Table continues
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Variable Mean Std. Dev. Min Max Observations
Overall  0.52 0.34 0.00 244 N =2328
Non-staffed hospital beds Between 0.26 0.06 143 n=19%
Within 0.23 -0.54 1.60 T =12
Overall 1.00 0.41 022 271 N =2328
Physicians in day-to-day
_ _ Between 0.37 030 215 n=1%
contact with patients
Within 0.19 0.14 204 T =12
Physicians without Overall  0.07 0.05 0.00 030 N =2328
day-to-day contact with Between 0.04 0.01 022 n=19%
patients Within 0.03 -0.02 027 T =12
Overall 1.24 0.55 0.11 349 N =2328
Nurses in day-to-day contact
_ ' Between 0.48 028 280 n=1%
with patients
Within 0.26 029 236 T=12

Table continues
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Variable Mean Std. Dev. Min Max Observations
Overall  0.07 0.06 0.00 0.54 N =2328
Nurses without day-to-day
) ) Between 0.05 0.00 023 n =194
contact with patients
Within 0.03 -0.11 038 T =12

Source: Personal elaboration based on data from the National Health Information System (SINAIS) and the administrative records of Seguro Popular.

The table shows the standard deviation decomposed into between (Z;) and within (x“ —T; + i) components.

29
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We can see from these tables that, after trimming the sample, data is more compact in
every dimension, making statistical fitting more precise and, therefore, our estimates more
reliable. It is worth noting that, according to the density of resources, the SJs dropped
from the sample belong mostly to the upper (more resourceful) part of the distribution.
Also, the within decomposition shows that the trimmed part of the sample exhibits the
greater variability both upwards and downwards, but mostly upwards. Taken together, the
between and within decomposition show that the SJs left out of our estimations are those
better off and with higher growth rates in terms of their human and material resources.
Something to keep in mind when reading the results.

Regarding our exposure assignment model to estimate RHB’s stabilized weights, ST,
since the observed change in the coverage of SP, A;, is a continuous variable, we have
estimated f A4, ,.x, from a pooled OLS, on all 2328 SJ-year observations, using the time-
varying covariates described above including all two-way interactions and past SP cover-
age, i.e. cum(A,_,), as regressors. Likewise, for f A:|A,_,» We have used the same model
using only cum(A,_,) as regressor.

After constructing SW (A, X), we have followed Blackwell [4] looking for residual
confounding comparing an unweighted and weighted pooled regression of each of the 7
covariates on the past SP coverage, cum(A,_;) , and the increment in the coverage at ¢, A,
. Table 2.3 shows the results of this balance test. There we can see how coefficient asso-
ciated to the change in SP coverage, A;, turns statistically non-significant in the weighted

data —the pseudo-sample generated by SW (A, X).



Table 2.3: The Change in History-Adjusted Balance between the Weighted and Unweighted Data

t — statistic

Variable Ay p > |t]
Unweighted 2.59 0.010

Doctors’ offices )
Weighted 0.76 0.447
Unweighted 0.03 0.975

Staffed hospital beds )
Weighted 0.41 0.679
Unweighted 2.60 0.009

Non-staffed hospital beds )
Weighted 0.07 0.944
Physicians in day-to-day contact Unweighted 3.46 0.001
with patients Weighted 1.20 0.228
Physicians without day-to-day Unweighted -0.69 0.491
contact with patients Weighted 0.01 0.990

Table continues
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t — statistic

Variable A, p > |t]
Nurses in day-to-day contact Unweighted 3.01 0.003
with patients Weighted 0.92 0.358
Nurses without day-to-day Unweighted -1.71 0.087
contact with patients Weighted -0.23 0.820

Source: Personal elaboration based on data from the National Health Information System (SINAIS) and the administrative records of Seguro Popular.
These estimates come from an unweighted and weighted pooled regression of the time-varying covariate at year ¢ on (a) SP coverage before year ¢, and (b) the change in SP

coverage observed in year t.

<9
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Figure 2.1: Stabilized Weights Over the Years
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Source: Personal elaboration based on data from the National Health Information System (SINAIS) and the administrative records of
Seguro Popular.
The boxes are the yearly inter-quartile ranges and the horizontal line inside of each box corresponds to the median. The whiskers

represent the maximum and minimum values excluding outliers which appear as dots.

Regarding the distribution of the weights, Cole and Hernédn [7] noted that the lack of
common support tends to push weights away from 1. Intuitively, it would correspond to
cases where the probability of certain exposure histories is close to 0 or 1 in some parts of
the covariate space, which can be interpreted as violation of positivity. In Figure 2.1 we

show the final distributions of the stabilized weights by year ¢,

SW (A, X,) = f[ % @2.11)
=1 fALA,_ X,
where we truncate the product up until the corresponding year. There we see that the
means at each year are close to 1, and that the minimum and maximum values are also
reasonably close, indicating well behaved weights.
We were interested in estimating a response model for SP coverage, in other words,

the cumulative exposure history cum(A4,) = S4_, a, . Here we were assuming that,
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in time, the same degree of coverage attained by the SJs should have the same potential
outcome, irrespective of the specific history of exposure. This seemed to be a reasonable
assumption in view that the resources transferred to the states by the federal government
to meet the demands of the new entitlement were directly proportional to the number
of individuals affiliated to the program. In this context, attaining a particular degree of
coverage early in the exposure history of a SJ would represent roughly the same financial
resources as attaining it at any other point in the future. It’s important to note though
that it was not necessarily the case that every SJ got their corresponding share of financial
resources. Regimenes Estatales para la Proteccién Social en Salud —State Regimes for
Social Protection in Health— (REPSS) determined how and where to invest the program’s
financial resources. We will discuss more of this in light of our results in the conclusions.

Also, in order to draw on a larger pool of information, we assumed that the DRFs were
the same for all time periods. This assumption allowed us some amount of pooling across
years including all 2328 SJ-year observations in our estimates. Regarding standard errors
and confidence intervals, the most straightforward way to estimate them was to bootstrap
the entire estimation procedure, including the weights. Here we resampled the set of SJs
and their histories, not the single SJ-year observations.

As mentioned earlier, we have followed FFGN in estimating the DRFs using a kernel-
weighted local linear regression of the outcome, Y, on the cumulative exposure, cum(A;),
using the pseudo sample generated by SW +(A;, X,). This is equivalent to multiply each
SJ-year observation’s kernel weight in the local linear regression by its corresponding
SW, (A;, X,). Figures 2.2 to 2.4 show the resulting mean DRFs for the observed incre-
ment in the relative number of SSA’s doctors’ offices, physicians and nurses in day-to-day
contact with patients, with respect to 2001, the year prior the introduction of the program
in its pilot phase.

The first thing to note in these graphs is that all three response curves exhibit a positive
slope, meaning that the SP program has had, on average, a positive impact on the relative

numbers of these human and material resources —without a doubt a necessary condition
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Figure 2.2: Increment in the Relative Number of Doctors’ Offices (per thousand population

outside the social security network)
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Source: Personal elaboration based on data from the National Health Information System (SINAIS) and the administrative records of

Seguro Popular.
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Figure 2.3: Increment in the Relative Number of Physicians in day-to-day Contact with

Patients (per thousand population outside the social security network)
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Source: Personal elaboration based on data from the National Health Information System (SINAIS) and the administrative records of

Seguro Popular.
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Figure 2.4: Increment in the Relative Number of Nurses in day-to-day Contact with Pa-

tients (per thousand population outside the social security network)
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Source: Personal elaboration based on data from the National Health Information System (SINAIS) and the administrative records of

Seguro Popular.
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for the expansion in the provision of healthcare services. This result is in line with that
of Bosch and Campos [5]. Also of importance is the difference between the end points of
these mean response curves, MeanDRF(1)—MeanDRF(0). Our estimates suggest that,
on average, the full coverage of the SP program would represent, for the SJs in our sample,
an increase in the relative number (per 1,000 people outside the social security network) of
doctors’ offices, physicians and nurses providing clinical care of .18, .47 and .64 respec-
tively. Given that in 2001 the densities of these resources were .45, .81 and 1 respectively
—the World Health Organization considers less than 2.3 health workers providing clinical
care as a critical shortage—, we can see that the program has had an important impact on
the human and material resources of the SSA.

The almost linear relationship depicted in all three graphs also suggests the absence of
any economies of scale in the use of the financial resources being provided by the program.
This is most striking in the case of doctors’ offices where one would expect new infras-
tructure to be costlier. According to our estimates, the increment in the relative number
of resources is, on average, directly proportional to the amount of money destined by the
program per affiliate. If everything else in the program’s operation had stayed the same,
of course. A number to keep in mind is that in 2014 the government contribution reached
2,843.40 pesos (some 185 usd of the time) per affiliate on average, which constitutes 99%
of the finances of the program [48, p.88]. It’s not hard to go from here to an estimate
of how much it would cost to bring the relative number of resources to a desired level if
things keep running the way they have been for the last decade.

For example, in our sample of 194 SJs, in 2013 the mean relative number (per 1,000
people outside the social security network) of SSA’s physicians and nurses in day-to-day
contact with patients —providing clinical care— was 1.2 and 1.6 respectively. Had the gov-
ernment’s contribution been 50% higher this year, according to our estimates, we would
have seen in these SJs an average density of physicians and nurses providing clinical care
of 1.4 and 1.9, respectively —“average” being the key term.

However informative these mean response curves are, they hardly provide us with a
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Figure 2.5: Relative Number of Human and Material Resources 2001 (per thousand pop-

ulation outside the social security network)
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Source: Personal elaboration based on data from the National Health Information System (SINAIS) and the administrative records of
Seguro Popular.

The numbers correspond to the 194 Sanitary Jurisdictions in common support.

complete description of the program’s impact on other parts of the distribution of our out-
come variables. This is most important for it can help us investigate the conditions under
which the same coverage of the program has a differential response, possibly ascertaining
subpopulations for which the program is most effective. In general, profiling the recipi-
ents that are making the most of a program is something of great importance, for it can
help improve its design and steer it in the desired direction. We can see the relevance of
this exercise for the SP program looking at the dispersion of our data the year prior the
introduction of the program in Figure 2.5.

Figure 2.5 shows the great differences one could find in 2001 looking at the density
of resources in the SJs. Heterogeneous responses to the program among this variability

is to be expected, even more so if what we observe in 2001 is the result of historical
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Figure 2.6: Expected Increment in the Relative Number of Doctors’ Offices due to Full

Coverage of SP (per thousand population outside the social security network)
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Source: Personal elaboration based on data from the National Health Information System (SINAIS) and the administrative records of

Seguro Popular.

obstacles that the SJs face to translate the state’s financial resources into further investment
in personnel and infrastructure.

As previously stated, we can also estimate quantile versions of the same response
curves using the same kernel-weighted regression framework, only this time with lin-
ear quantile regressions of the outcome on the cumulative exposure. This will give us
a clear understanding of how the program is affecting the whole distribution of our out-
come variables, taking us one step further into characterizing the determinants of possible
heterogeneous responses to the program.

Figures 2.6 to 2.8 show the estimated response of full coverage of SP on every centile
of the distributions of the outcome variables; that is, the vertical difference between the
end points of every centile 7 response curve, Centile; DRF(1) — Centile; DRF(0).

All three figures show a positive tendency for the expected response to full coverage
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Figure 2.7: Expected Increment in the Relative Number of Physicians in day-to-day Con-
tact with Patients due to Full Coverage of SP (per thousand population outside the social

security network)
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Figure 2.8: Expected Increment in the Relative Number of Nurses in day-to-day Con-

tact with Patients due to Full Coverage of SP (per thousand population outside the social

security network)
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of the program. The fact that these figures do not exhibit horizontal lines suggests that
going from zero to full coverage of SP has different responses along the distribution of the
outcome variables, in this case, showing greater effects on the upper part of the distribu-
tions. In other words, the better the SJ is doing increasing the relative number of its human
and material resources, the greater its response to the program. Note how this is not a
tautology, it might as well could have been just the opposite. What this means is that the
program gives greater boosts to those SJs increasing the relative number of its resources
the most —again almost in a direct proportion.

There are at least two reasons why this might be happening. The first is that this
could be a simple reflection of the SJs’ investment priorities. It may well be that those
SJs exhibiting greater increases in the relative number of their resources find within their
investment priorities such expansion, and the program’s financial resources help them to
do exactly just that. If this were the case, it is only natural to observe that those SJs whose
investment priorities lie elsewhere different from expanding the density of their human
and material resources do not use the program’s money in this fashion.

A second reason for the positive slope in figures 2.6 to 2.8 is that it might be reflect-
ing historical obstacles the SJs face to transform financial means into human and material
resources, obstacles that the program by itself cannot overcome. In this second scenario,
we would be looking not so much at the result of different investment priorities in them-
selves, but to technical difficulties in transforming the programs budget into medical staff
and infrastructure. It is well known, for example, that it is costlier to invest in some areas
due to limited geographical access. This alone would naturally lead to lesser responses to
the program in SJs where the need for resources is dearer. We may even be looking at the
result of a compromise between equality and efficiency, which always implies an ethical
dilemma. We’ll discuss more of this in the final section when we highlight the public
policy implications.

In light of Figures 2.6 to 2.8, given that SP seems to be having distributional effects on

the outcome variables, it becomes relevant to determine where SJs fall in the distribution
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of our outcome variables, since this determines which SJs are making the most of the
program in terms of the availability of resources needed in the provision of healthcare
services. Finding out whether the main effects of a social program are felt among the least
or most vulnerable part of the population leads to very different appreciations of its impact.
Of course, these are not the only two possible scenarios but the extremes of a continuum
of possibilities.

A thorough investigation of what is actually happening will require the development
of new procedures to estimate counterfactual distributions under different possible sce-
narios, a pending assignment for time-varying continuous interventions. However, as an
exploratory analysis we can take a look at how the 2001-2013 increments in human and
material resources were distributed across SJs according to their initial level. In particular,
Figures 2.9 to 2.11 show to what extent it can be said that the increment in these resources
has been pro-poor in terms of resource in question.’

As can be seen from this last set of figures, all of our estimates suggest that the greatest
increments observed in the relative number of human and material resources from 2001 to
2013 corresponded to those who were better off in 2001. We have also plotted the mean
SP coverage corresponding to every centile to show that this pattern is hardly explained
by differences in the rollout of the program. Absolute indices of inequality capture the
evolution of this result over the 12-year period. Figure 2.12 shows the change in the
absolute GINI indices® for the material and human resources of the SSA. Given that the
absolute GINI index is not unit invariant we have normalized all indices so that 2002=100.

Together, the increment incidence curves and inequality indices suggest that the SJs

making the least of the SP program are precisely those in greater need, for these are also

7 All estimates were weighted by the population outside the social security network.

8In the absolute version of the GINI index inequality is unaffected by an equal addition to all incomes
(translation invariant). In the standard (relative) version of the GINI index inequality is unchanged when
all incomes are increased in the same proportion (scale invariant). The absolute criterion was advocated
by Kolm [34, 35]. Several Kolm indices were also estimated showing the same tendency. The difference
between these the relative and absolute measures is that the absolute criterion always considers improvement
in terms of absolute difference.
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Figure 2.9: Increment Incidence Curve for the Relative Number of Doctor’s Offices, 2001-

2013 (per thousand population outside the social security network)
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Figure 2.10: Increment Incidence Curve for the Relative Number of Physicians in day-to-

day Contact with Patients, 2001-2013 (per thousand population outside the social security

network)
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Figure 2.11: Increment Incidence Curve for the Relative Number of Nurses in day-to-

day Contact with Patients, 2001-2013 (per thousand population outside the social security

network)
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Figure 2.12: Inequality in SSA Human and Material Resources, 2001-2013: Absolute
GINI (Indices: 2002=100)
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the ones showing the least increment in basic human and material resources at roughly the
same coverage of the program. This should be a matter of major concern for any program

directed at vulnerable population groups.

2.6 Conclusions

Impact evaluation, like any other scientific inquiry, requires some background assump-
tions. However, assumptions must be made carefully, for it is well known that assumptions
way too off the mark can generate wildly inaccurate conclusions. We argue that this is ex-
actly what would happen if one were to apply single-shot causal inference methods to
estimate the impact of social programs (treatments) whose interventions do not take place
all at once as single homogeneous action, but instead unfold over time with different in-
tensity across recipients according to the milieu themselves help create as they unfold.’

To control for the time-depending confounding inherent to the dynamic nature of these
kinds of programs, in this article we have brought together two strands of the literature
on causal inference in observational studies: one focusing on fixed non-binary treatments
and the other on binary dynamic treatments. The procedure we present here elaborates on
[43] showing how to estimate mean and quantile dose-response functions of continuous
dynamic treatments much in the same fashion as Flores et al. [12] did for continuous fixed
treatments; that is, applying local regression methods to appropriately weighted samples.

We have shown the potential of this approach analyzing the effects of the Seguro Popu-
lar program in Mexico on key variables associated with the provision of healthcare services
by the SSA. Unlike previous evaluations, we have found compelling quantitative evidence
that the program has proven most helpful in less vulnerable territories, leaving behind
those in greater need.

Regarding the palpable differences in the results the SP has shown across the country,

91f, for example, we had ignored the dynamic nature of our empirical application, using only pre-program
covariates in an attempt to control for confounders, we would have overestimated the mean impact of the
program by approximately 45%.
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the authorities behind the program have blamed the lack of accountability in the financially
decentralized system within which it operates, as well as the autonomy with which every
federal state determines how to best invest their corresponding financial resources [9].

Beyond the problems inherent to the lack of accountability, it is a well-known fact that
rural and urban areas present quite different challenges for the provision of health services.
In this sense, our findings might be due in part to efficiency concerns in the investment
decisions at the federal entity level, for it’s all too likely that we don’t see in rural areas the
economies of scale obtained in urban areas [39]. However, concerns with equity are also
an important element of programs aimed at improving social conditions, and the pursuit
of efficiency must never eclipse equity considerations in this context. Without a doubt,
whatever trade-off between equity and efficiency there might be in the allocation of health
care resources, given its importance, deserves an open discussion.

Lastly, it remains a pending task to explore the possibility to simulate counterfactual
distributions that could shed more light on the distributional effects of dynamic continuous
interventions. This would give us a better sense of what distributional effects we are to

expect from social programs such as Seguro Popular.



Chapter 3

Robust Estimation of Inverse
Probability Weights for Time-Varying

Continuous Interventions

In this Chapter we present a continuous extension for longitudinal analy-
sis settings of the recently proposed Covariate Balancing Propensity Score
(CBPS) methodology. While extensions of the CBPS methodology to both
marginal structural models and general treatment regimens have been pro-
posed, these extensions have been kept separately. We propose to bring to-
gether this previous work using the generalized method of moments to es-
timate inverse probability weights such that after weighting the association
between time-varying covariates and the treatment is minimized.

84
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3.1 Introduction

Propensity Score (PS) methods are considered by many to be the least preferred quasi-
experimental impact evaluation method (say, vis-a-vis regression discontinuity) because
their strong identifying assumptions —more importantly that treatment assignment is ignor-
able conditional on observed confounders—, particularly in settings where those eligible to
participate may chose otherwise. However, propensity score methods can be applied to a
wide range of different research settings, and it is this versatility that has resulted in the
popularity of PS estimates as a tool for making causal inference.

As shown by Robins [41], PS methods might even be used to evaluate programs that
evolve over long periods of time, reacting to changes in the environment that themselves
help to bring about. That class of statistical models came to be known as Marginal Struc-
tural Models (MSMs) [43, 42, 4]. Despite its theoretical appeal, MSMs as a tool for making
causal inference from longitudinal data have yet to extend to general treatment regimens.
Surprisingly, while several extensions of propensity score methods to general treatment
regimens have been proposed [27, 43, 26, 21, 12] and keep gaining popularity among
applied researchers [52], these methodologies haven’t been coupled with the MSM frame-
work.

Perhaps behind this gap between methodological and applied research is the practical
difficulty of estimating the inverse probability weights —required for MSMs to generate a
pseudo sample from which to estimate the casual quantities of interest—, whose correct
model is generally unknown and its misspecification can actually increase bias, even if
the selection on observables assumption holds. In contrast with cross-sectional PS meth-
ods, in MSMs the effect of model misspecification is exacerbated, for it propagates across
time since the algorithm provided by Robins, Herndan and Brumback [43] to estimate the
weights in these models involves the product of propensity scores estimated for each time
period.

Since, in theory at least, inverse probability weighting renders the intervention inde-
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pendent of time-varying covariates, usual practice involves iteratively checking if weight-
ing on the estimated probability meets this expected property —revising the model until
said correlation is minimized. The downside of this algorithm is that it can lead to ad hoc
specifications of the probability models which may not agree with the preferred theoretical
specification.

As a way to get around this practical difficulty surrounding MSMs, Imai and Ratkovic
[25] came up with the idea of formally dovetailing this correlation minimizing property
of the weights into the model estimation method itself, eliminating the need to manu-
ally and iteratively check the treatment assignment model. They accomplished this by
making use of the Generalized Method of Moments (GMM), adding to the model’s score
vector —that is, the gradient of the log-likelihood- the correlation minimizing property as
an extra moment condition. They have called this new approach the Covariate Balancing
Propensity Score (CBPS) [24] and it can easily be implemented through publicly avail-
able open-source software [14]. Simulation and empirical studies suggest that the CBPS
improves the empirical performance of MSMs by making the treatment assignment model
more robust to misspecification. However, so far the CBPS extension to MSMs has been
confined to binary time-dependent treatments.

Researchers facing continuous time-dependent treatments may be tempted to dichotomize
the exposure at every time period in order to make use of the existing CBPS estimator for
MSMs and its advantages, if at the cost of compromising data analysis through the loss of
valuable information. Here we dispense with this temptation proposing a further extension
to the CBPS methodology. Our proposal builds on the recent generalization of the CBPS
methodology to general treatment regimens [13] taking it to the longitudinal setting, thus
bridging the gap between two extensions of the original CBPS estimator.

In Section 3.2 we briefly review MSMs and their assumptions. Section 3.3 we describe
the proposed extension to the CBPS methodology. In Section 3.4 we present our simu-
lation study. In addition, we present an empirical application in Section 3.5 to show the

performance of the proposed methodology with real data. Finally, we offer concluding
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comments in Section 3.6.

3.2 Marginal Structural Models

After introducing some notation, in this Section we briefly review the MSM framework
(43,42, 4].

Assume a program that evolves over long periods of time intervening with different
intensity across recipients at every stage of their implementation, reacting to changes in
the environment which the program itself contributed to bring about; that is to say, reacting
to its own previous results in a feedback loop. In this context, variables that can both affect
future exposure to the program and be affected by past exposure may confound the impact

of the program in a way that no cross-sectional impact evaluation method can sort out [4].

Notation

Denote recipient ¢’s observed k-dimensional vector of time-varying covariates at stage
t of the program X 4, with: =1,..., Nandt =1,..., T Atevery stage t of the program,
recipients are observed receiving the exposure level a;; to the benefits of the program; that
is, one possible realization of the exposure variable A;;, with a;o = 0. Collecting all the
observed exposures to the program for a given recipient, from its launch up to stage ¢,
gives us the history of exposure a;; = (a;1, ..., a;). Independent, identically distributed
realizations of (Y, A;;, X,) are observed for each recipient at every stage of the program,
where Y}, is some outcome variable of interest. Let X, and z;, be similarly defined for a
covariate history, where X ;; is the most recent set of variables that could affect A;; —and
are also affected by past exposure history, A;,_;.

Following Robins’ adaptation of the potential outcome framework [49, 46] to longitu-
dinal settings [40], we use Y to represent the potential outcome for recipient i measured

at time ¢ associated to the exposure history a up to ¢, which we assume does not depend on
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the exposure histories of other recipients. This is often referred to in the literature as the
stable unit treatment value assumption. Naturally, any recipient of the program exhibits
only one of these potential outcomes at any given stage t; that is, the one associated to
its own particular exposure history up to that point in time Y;, = Y}, the consistency
assumption. All other, unobserved, potential outcomes are said to be counterfactual.

As with other PS methods, MSMs are based on the assumption of no unmeasured con-
founding, in this case at each time period. This assumption, also referred to as sequential
ignorability [4] or conditional interchangeability [42], states that the exposure level at stage
t is statistically independent (ignorable) of the potential outcomes, conditional on the co-
variate and exposure histories up to that point. Using previous notation, sequential ignor-
ability says that for any exposure history up to t, a;, ;' L Ay | Ayy1 = a1, X3 = ;.
Additionally, also typical in PS methods, MSMs also assume that at any stage ¢, there is
no covariate history x, and past exposure a,_; such that all recipients with such histories
are certain to receive the identical exposure a;. That is, each exposure history must have
some positive probability of occurring. This last assumption can be formally written as, if
f(Au_1,X,) #O0then f (A | A1, X;;) > 0, where f stands for the probability density
function (pdf).

Under the above assumptions (sequential ignorability, consistency and positivity), Robins
[41] showed that the conditional probability density of exposure history can be used to
consistently estimate the impact of such dynamic interventions. In this generalization of
Inverse Probability of Treatment Weights (IPTW), the probability of observing a partic-
ular exposure history is expressed as the product of the respective probability density at
every stage, [17 | f (4; | A,_,X,). However, using this probability directly as weights
when fitting the outcome model leads to highly variable estimates and researchers usually
follow the suggestion given in the literature [7] and use the stabilized weights of the form
d f (Av)
W X0 = 1, T %)

#'=0
where, for convenience, we define S, = 1. In nonrandomized evaluations, irrespective

(3.1)
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of the nature of the intervention whose impact one might be trying to estimate —whether
it’s best coded as binary, multivalued or continuous—, these weights are unknown, and
have to be estimated. Usually, a parametric model is used to estimate the probability
density of exposure given the past at each time period. When the intervention comes
as a single action that either occurs or not at every stage of the program (i.e. coded
as a binary variable), a common approach is to estimate this probability density at ev-
ery stage with a standard logistic regression model (logit model). In the case of con-
tinuous interventions, Gaussian models (with constant variance) are often assumed, i.e.,
AgA,_ 1, X, ~ N (h(4,_1, X;7),0%), which can be estimated by the GMM. If there is
reason to believe that A is a linear, additive function of exposure and covariates histories,
and parameters 6 = («, 3, 0?), researchers may even regress the current level of exposure

on all past exposure and covariates,' e.g.,

A A X) = —=ew {4 - (aLa+ XT8)]}. 62

The numerator of the stabilized weights is typically estimated using the empirical
distribution of the exposure. If these later assumptions hold, and further assuming the
marginal distribution of A; to be Gaussian with mean zero (possibly after the pertinent

transformation), the stabilizing weight is given by>

SVV@'t (Atult)
: 1 T T T T a\?
= [[exp [W {_QAit’ (Aitula +Xit/ﬂ) + (Ait/fla _'_Xit’ﬁ) H - (33)
#=0

Once these stabilized weights are estimated, all the researchers have to do to is use
them in running whatever model of the outcome, as function of treatment history alone,

they would have used in the case of a randomized evaluation.?

!The Least square estimator can also be viewed as a special case of GMM estimator.

2Equations are derived in detail in the appendix.

3For t = 1, these weights are exactly the same as those proposed by [13] for continuous treatments in
cross sectional settings.
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3.3 Correlation Breaking IPTW

In this Section we describe our proposal for a procedure to estimate IPTW for MSMs
with continuous treatments robust to misspecification.

As with other PS methods, Robins’ stabilized weights break the link between the ex-
posure history and the time-varying covariates, guaranteeing the exposure history is un-
confounded. That is, at any given stage of the program, we expect the histories of both
exposure and the time-varying covariates to be uncorrelated in the weighted data [4, 23].

Formally, under our time-varying setting, we can see this correlation-breaking property

for all ¢ as
E [SVVit (Aitv Xit) Aitlit] =E (Ait> E (Xit)' (3.4

Note that if we center both the exposure variable and the covariates, equation 3.4 equals
zero. We propose to use this weighted cross moment as an extra moment condition in a
GMM framework, which for t=1 is the same Fong, Hazalett and Imai[13] used in the cross-
sectional setting.

Including equation 3.4 among the score conditions —the gradient of the log-likelihood
with respect to — as moments, allows to account for both properties we would expect
the stabilized weights meet in a single estimator: predict the exposure among recipients
and break the link between the exposure and the time-varying covariates. There are many
ways to specify the moment conditions for the GMM estimator depending on the assump-
tions one is willing to make in estimating the probability models and how to include the
correlation-breaking condition, each with different computational burden.

Following a common practice of assuming A; | A,_;, X, independent and identically
distributed across time periods, and making use of the fact that it also follows from the
correlation-breaking property that current exposure is uncorrelated with the past, we have

the following moment conditions,



9o (Atv Xt) =

16
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Note that the score conditions correspond to the first order conditions of the log-

likelihood

I, Bl A,X,) =
Ly 2 1 T T o\12
5 ; {1og (270%) + — [Ai — (Aip 1o+ X1 8)] } . (3.5)

We have conveniently rearranged the histories of exposure and covariates in the correlation-
breaking condition for symmetry’s sake, the proof of which follows the same general out-
line as before.

The GMM estimator of 0 is obtained minimizing

éCBSW = argmingge (Amlt)T Z 0 (Atalt)il 9o (A, X)), (3.6)

where g, is the mean over i of gg , and Y g (A;, X,) is the mean over i of the 3 X 3

covariance matrix of entries
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The upper left 2 x 2 submatrix of Y4 (4,, X,) is well-known since corresponds to the covariance of the score

conditions of the normal distribution. The rest of the elements are derived in detail in the appendix.

€6
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3.4 Simulation Studies

In this section we show the results of simulation studies in order to assess the empirical
performance of these correlation-breaking stabilized weights.

We consider the case of three time periods, i.e., ¢ = 1,2, 3, and use three different sam-
ple sizes n = 300, 900 and 1,500, corresponding to 100, 300 and 500 exposure-recipients
across our time frame. In our setup, summarized in Figure 3.1, the treatment-generating
process is a function of a vector of exogenous time-varying covariates, X ;;, and the pre-
vious history of exposure, A;, ;. The outcome variable, Y, is a function of both entire

histories of covariates and exposure.

Figure 3.1: Data Generating Process in Simulation Study

We use this Data-Generating Process (DGP) to examine the performance of the pro-
posed methodology, vis-a-vis the usual Ordinary Least Squares (OLS) approach, when
faced with both misspecification of the treatment-assignment model —incorrectly specify-
ing the lag structure— and measurement error.

We use a similar simulation setup as Imai and Ratkovic [25]. The simulation consists

of four covariates; for time t, we use the covariates

Xit = (ZinUi, ZiroaUst, | Zit3uUst|, | ZiranUst) (3.13)
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where each Z;;, is an i.i.d. draw from the standard normal distribution, and Uj; is con-
structed as .
U= ] 14 4A1) (3.14)
t'=1
fort = 2,3 and U;; = 1 for t = 1. The continuous treatment A;; is generated by

t 1 t'—1

Ay = Z {(2) (X + A1) ¢ + v (3.15)
=1

where o = (.8, —.2, 4, —.6)T and v; is a standard normal disturbance. All parameters

were selected in an almost random manner looking only to guarantee a minimum dis-

persion. The continuous outcome Y is generated by a linear combination of the whole

exposure and confounders histories such that

t t
Yie=275+10) A +68 > X + (3.16)

=1 =1
where 6 = (—23.5,12.5,7.3, —17.4)T and u; is another normal disturbance with mean
zero and standard deviation five. Note that we have generated the outcome variable for
every t, making it a function of both entire histories of covariates and exposure. We haven’t
included these elements in the DGP depicted in Figure 3.1 in order not to over-complicate
the diagram.

In the misspecified scenario, we use the following non-linear transformation of the

covariates

1
Xio = (X exp (Xia) 08 (Xis) (3.17)
it4

as measurement error, as well as incorrectly specify the lag structure of the treatment-

assignment model using only the data from the immediately previous period such that
Ay =aXy + Ay1 + v, (3.18)

but maintain the correct outcome model.
We report results of one thousand simulated datasets for each scenario. First, with ev-

ery dataset, we fit a Pooled OLS model (GLM) as the treatment assignment model, using
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correct and incorrect model specifications as discussed above. Then we fit the same mod-
els using the proposed correlation-breaking IPW methodology (CBIPW) in two ways:
first using both score and correlation-breaking conditions (Over-identified CBIPTW) as
described in section 3.2, and with the correlation-breaking condition alone (Just-identified
CBIPW), ignoring the score conditions. This gives us three different estimates according
to the importance placed on both expected properties of the weights. The Generalized
Linear Model (GLM) estimates obviate the correlation-breaking property, ignoring the
subvector g3, while the just-identified CBIPW pays no attention to predict exposure as-
signment, ignoring the subvector (g, gg)T. Over-identified CBIPW stands in the middle
attending to both criteria. Finally, we regress in a pooled model the outcome variable on
the cumulated exposure, Zi,zlAit/ using the stabilized MSM weights. The coefficient that
results from this last regression is compared with the numerical estimate obtained from a
thousand simulations using large datasets (n = 30,000) and the true exposure assignment
probabilities.

Table 3.1 presents the results for our three sample sizes. The columns show the bias
and Root Mean Squared Error (RMSE) from the pooled weighted linear regression of the
outcome on the cumulated exposure using the stabilized weights.

The results are in line with those of previous Covariate Balance Propensity Scores
for MSMs [25]. When the exposure assignment model is correct specified, all methods
have small bias and small RMSE. In contrast, when the model is misspecified, the bias
and RMSE are large and even grow in sample size. However, the RMSE of the CBIPW
estimates grow at a much smaller rate, thereby outperforming OLS.

In short, Table 3.1 tells a simple story for time-varying continuous interventions: if
researchers are lucky enough to know the true DGP, they are probably better off with OLS.
If, on the other hand, researchers have reasonable doubts with respect to the origin of their

data, they are probably better off with CBIPW.
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Table 3.1: Performance of Probability Weights Estimation Methods

n = 300 n = 900 n = 1500
Estimator Bias RMSE Bias RMSE Bias RMSE
Correct Specification
True .19 379 0.70 338 047 3.09
GLM 1.19 3.61 070 323 046 296

CBIPW Opver-identified 1.44 394 1.11 3.01 099 290
CBIPW Just-identified 147 393 107 3.06 098 2.85

Misspecification (measurement and lag structure)

GLM 487 866 338 1504 358 2441
CBIPW Over-identified 3.89 642 3.65 7.27 377 8.66
CBIPW Just-identified 4.16 6.04 384 6.72 399 7.63

3.5 Empirical Application

As an empirical application of the proposed method, we estimate the impact of the
Mexican universal health insurance program, Seguro Popular (SP), on key variables asso-
ciated with the provision of healthcare services by the Secretaria de Salud —-Mexican Min-
istry of Health— (SSA). Here we analyze the same data of Chapter 2; that is, the federal
records on infrastructure and human resources employed by the SSA,* and the coverage
records of the program at a yearly frequency from 2001, the year prior the introduction of
the program, to 2013.

Specifically, data is aggregated to the Sanitary Jurisdiction (SJ) level, the most basic ad-
ministrative units of SSA in charge of the operation of healthcare services and its programs,
and time-varying covariates include doctors’ offices, staffed and non-staffed hospital beds,
physicians and nurses, both with and without day-to-day contact with patients. Following

the original analysis, 39 out of 233 SJs are dropped so as to make the common support

4 Available from the National Health Information System’s web site: http://www.sinais.salud.gob.mx/.
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assumption more credible, and the estimates less model dependent.

The original estimations fit a single probability model, regressing the yearly increment
of SP coverage on the most recent set of covariates (per thousand population outside the
social security network) along with all their two-way interactions, and past (cumulated)
SP coverage. In contrast, here we drop all the interactions from the model.

Looking at the degree of covariate balance achieved by the CBIPW (Fig. 3.2, Appendix
Table A.4), we see that it is improved in all cases, as medians are closer to zero, and
that is best achieved using the just-identified approach, both on location and dispersion as
expected. It is worth noting that, in this case, fitting only the probability model (GLM) does
not seems to break the correlation between the exposure to treatment and three covariates:
doctors’ offices, physicians and nurses in day-to-day contact with patients.?

Using weighted linear regressions to estimate the impact of (cumulated) SP coverage
on the change in the (relative) numbers of doctors’ offices, physicians and nurses (pro-
viding clinical care), we can see (Fig. 3.3 , Appendix Table A.9) that in all probability
the effect of SP is positive in all three outcome variables, and grows bigger the less corre-
lated are the covariates with the treatment in the pseudo sample. While these results are
somewhat similar to those presented in Chapter 2, every point estimate here is marginally

bigger (by 10% for doctors’ offices, and roughly 3% for physicians and nurses).

3.6 Conclusions

We have shown that the idea behind the Covariate Balancing Propensity Score (CBPS)
[24] is flexible enough to cover also longitudinal settings with general treatment regimens.
Here we provide a robust estimation method for MSMs with continuous treatments whose
main advantage is that it directly includes the correlation-breaking property of Robins’

[41] stabilized weights in the estimation procedure. This new tool avoids the manual

5Even though in the original analysis an OLS model is fitted, we do not observe this imbalance in the
covariates because a different model was fitted with an extra 21 variables.
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Figure 3.2: Covariate-Balance for Time-varying SP coverage on Sanitary Jurisdictions
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Source: Personal elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System)
and Seguro Popular administrative records.

The bottom and top of each box are the first and third quartiles, and the band inside is the second quartile (the median). Whiskers
represent the lowest datum still within 1.5 Inter Quartile Range of the lower quartile, and the highest datum still within 1.5 Inter
Quartile Range of the upper quartile. Outside values are not shown.

Coefficients result from pooled linear regressions of each covariate on the yearly increment of SP coverage, weighted accordingly to
the pseudo-sample in question.

Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

* In day-to-day contact with patients

SP coverage refers to affiliates as proportion of the population without traditional health insurance (IMSS, ISSSTE, Pemex, the Ministry
of Defense or the Navy).

UW corresponds to the unweighted 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data;
GLM to the sample weighted using OLS and an empty model as stabilizer; CBIPW-OVER to the sample weighted using over-identified
correlation-breaking inverse-probability weights, which gives equal importance to both correctly predict treatment-assignation and
balancing covariates and CBPS-EXACT to the sample weighted using Just-identified CBIPW, which privileges covariate balance over
the probabilistic model.
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Figure 3.3: Average Treatment Effects of SP coverage on Sanitary Jurisdictions
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Source: Personal elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System)
and Seguro Popular administrative records.

The bottom and top of each box are the first and third quartiles, and the band inside is the second quartile (the median). Whiskers
represent the lowest datum still within 1.5 Inter Quartile Range of the lower quartile, and the highest datum still within 1.5 Inter
Quartile Range of the upper quartile. Outside values are not shown.

Coefficients result from pooled linear regressions (2328 obs.) of each outcome variable on SP coverage, weighted accordingly to the
pseudo-sample in question.

Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

* In day-to-day contact with patients

SP coverage refers to affiliates as proportion of the population without traditional health insurance (IMSS, ISSSTE, Pemex, the Ministry
of Defense or the Navy).

UW corresponds to the unweighted 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data;
GLM to the sample weighted using OLS and an empty model as stabilizer; CBIPW-OVER to the sample weighted using over-identified
correlation-breaking inverse-probability weights, which gives equal importance to both correctly predict treatment-assignation and
balancing covariates and CBPS-EXACT to the sample weighted using Just-identified CBIPW, which privileges covariate balance over
the probabilistic model.
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process of checking the correlation amongst the current exposure to treatment and the
covariate histories in the weighted data and then respecifying. We are confident that this
new extension to the CBPS helps clear the way for those interested in causal analysis in
these complex settings.5

It can be argued that minimizing the correlation between covariates can be done effi-
ciently with already available methods, such as the non-parametric extension of the CBPS
to general treatment regimens [14] or Genetic Matching [10]. However, unlike these other
methods, the methodology we propose here provides the researcher also with a robust
probability model from which it is possible to start building bridges between MSMs and
decomposition methods literatures, something that remains a pending task for future re-

search.

6Stata code is available upon request from the authors.
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Final Comments

The research here presented is both methodological as is empirical: analyzing the effects
of Seguro Popular (SP) on the medical infrastructure and human resources in Mexico, we
have pushed forwardPropensity Score (PS) methods. Regarding our findings, everything
suggests that the Mexican universal health insurance program is leaving behind the most
vulnerable geographic areas in the country. Not because the population there lack insur-
ance, but because the effect of SP has not made itself felt in all regions. For a program
specifically intended for the poor, this is of concern and calls for better designs or com-
plementary efforts. The procedures and estimators here advanced helped reaching this
conclusions, and hopefully will continue helping others in their own causal investigations

for better, more effective, public policies in benefit of those in greater need.
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Resumen (Spanish)

Nadie que requiera servicios de salud deberia quedarse sin recibirlos por falta de recursos.
Este imperativo ético ha sido recogido como derecho constitucional en casi todos los paises
de América Latina incluyendo a México. El Sistema de Proteccién Social en Salud —
System of Social Protection in Health— (SPSS), mejor conocido como el Seguro Popular
(SP), es el esfuerzo mads significativo que México ha hecho por garantizar el derecho a la
proteccion de la salud de aquellos que no cuentan con la seguridad social que acompana al
empleo formal, practicamente la mitad del pais. A finales de 2015, el SP registraba més de
57 millones de personas afiliadas, y un presupuesto programado para 2016 que rebasa los
75 mil millones de pesos, equivalente al 92 % del presupuesto del Programa de Inclusién
Social/Oportunidades (Fig. E.1).

Simultdneamente, la Secretaria de Salud —Mexican Ministry of Health— (SSA) ha am-
pliado los recursos fisicos y humanos involucrados en la prestacion de los servicios ampa-
rados por el SP. De 2001 a 2015, el nimero de Establecimientos de Salud ha aumentado
31 %, la mayoria (1 de cada 3) Centros de Salud Rurales de 1 nucleo bésico de servicio
(tipicamente conformado por un médico y una o dos enfermeras), Casas de Salud (se-
de de brigadas moviles que visitan las comunidades), Unidades de Especialidades Médi-
cas (UNEMES) y Unidades Méviles (Fig. E.2).

En ese mismo periodo, los consultorios médicos han aumentado 61 %. Una cifra que,

si bien es correlato del incremento de Centros de Salud Rurales y UNEMES, ha sido im-



105

Figura E.1: Gasto ejercido por el Seguro Popular
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Fuente: elaboracién propia con datos de la Secretaria de Hacienda y Crédito Publico

http://finanzaspublicas.hacienda.gob.mx/es/Finanzas_Publicas/Cuenta_Publica

pulsada de manera importante por los Hospitales (1 de cada 3 de los nuevos consultorios
lo registran Hospitales Generales, Especializados e Integrales; véase Fig. E.3).

La alta prioridad politica de los hospitales también se expresa en su participacion del
incremento de médicos y enfermeras en labores clinicas (Fig. E.3). En 2015 el nimero de
médicos en contacto con pacientes crecid 48 % con respecto a 2001, més de 33 mil nuevos
médicos, de los cuales 7 de cada 10 estdn adscritos a hospitales. Lo mismo ocurre con las
enfermeras, si bien estas se han més que duplicado desde 2001.

Basta una mirada a la evolucién de los egresos hospitalarios de estas instituciones para
hacerse una idea de la nueva demanda que enfrenta la SSA (Fig. E.4). Este niimero se ha
mas que duplicado desde 2001, y en 2015, 7 de cada 10 de estos egresos corresponde a
personas afiliadas al SP.

Sin embargo, no todo el pais se ha beneficiado igual de la expansion de los recursos

de la SSA. El incremento en la densidad —por cada mil habitantes sin seguridad social



Figura E.2: Establecimientos de la Secretaria de Salud por tipologia
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Las tipologias se ordenan, en el panel a de acuerdo a su participacion en el incremento total de establecimientos de 2001 a 2015, y en el panel b de acuerdo a su participacion
en el total de 2015, con las de mayor participacion en la base.

Donde R1 hace referencia a los Centros de Salud Rurales de 1 nicleo bdsico de servicio, CS a Casas de Salud, UNEMES a Unidades de Especialidades Médicas, UM
a Unidades Moviles, Ul y U2 a Centros de Salud Urbanos de 1 y 2 nicleos bdsicos de servicio respectivamente y en Otros se agregan el resto de tipologias incluyendo
Almacenes, Antirrdbicos, Brigadas Mdviles, Centros de Salud con Hospitalizacion, Centros Avanzados de Atencién Primaria a la Salud, Centros de Salud con Servicios
Ampliados, Clinicas de Especialidades, Consultorios Delegacionales, Hospitales Especializados, Hospitales Generales, Hospitales Integrales, Hospitales Psiquidtricos, Oficinas
Administrativas, Establecimientos de Apoyo, Centros de Salud Rurales de 2 y 3 o més Niicleos Basicos, Unidades del Ministerio Piblico y Centros de Salud Urbanos de 3, 4,
5,6,7,8,9,10, 11,y 12 o0 mas Nucleos Bésicos.
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Figura E.3: Recursos de la Secretaria de Salud por tipologia de establecimiento
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Enfermeras en contacto con pacientes
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Fuente: elaboracion propia con datos de la Direccién General de Informacion en Salud

Las tipologias se ordenan en las gréficas, a la izquierda, de acuerdo a su participacion en el incremento total de 2001 a 2015 y, a la derecha, de acuerdo a su participacién en el
total de 2015, con las de mayor participacion en la base.

R1, R2 y R3+ hace referencia a Centros de Salud Rurales de 1, 2 y 3 o mds nicleos basicos de servicio respectivamente, HG a Hospitales Generales, HE y HI a Hospitales
Especializados e Integrales respectivamente, UNEMES a Unidades de Especialidades Médicas, CS a Casas de Salud, U2 a Centros de Salud Urbanos de 2 niicleos basicos de
servicio, UM a Unidades Méviles, CESSA a Centros de Salud con Servicios Ampliados, CAAPS a Centros Avanzados de Atencion Primaria a la Salud, U12+ a Centros de Salud
Urbanos de 12 o mds niicleos bdsicos, y Otros agrupa al resto de tipologias que incluye Almacenes, Antirrabicos, Brigadas Méviles, Centros de Salud con Hospitalizacion,
Clinicas de Especialidades, Consultorios Delegacionales, Hospitales Psiquidtricos, Oficinas Administrativas, Establecimientos de Apoyo, Unidades del Ministerio Publico,

Centros de Salud Urbanos de 1, 3,4, 5,6,7, 8,9, 10y 11 nidcleos basicos.
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Figura E.4: Egresos hospitalarios de la Secretaria de Salud segin derechohabiencia al
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Se cuentan tnicamente aquellos egresos registrados en establecimientos de salud a cargo de la Secretaria de Salud
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tradicional (asociada al trabajo): Intituto Mexicano del Seguro Social (IMSS), Instituto de
Seguridad y Servicios Sociales de los Trabajadores del Estado (ISSSTE), Petréleos Mex-
icanos (PEMEX), Defensa o Marina— de consultorios, médicos y enfermeras en labores
clinicas varia notablemente entre las jurisdicciones sanitarias del pais (Fig. E.5).

Si bien la evolucién de la densidad de recursos fisicos y humanos en cada jurisdic-
cién sanitaria cuenta su propia historia, es posible distinguir estadisticamente tres tipos
de trayectorias de crecimiento para cada uno de estos recursos; donde, en cada caso, los
mayores incrementos se observan en las jurisdicciones sanitarias con mayor densidad de
recursos. Esto es que, las zonas del pais con menos médicos, enfermeras y consultorios
por habitante son las que menos incrementos han visto desde la puesta en marcha del SP.

Desde su concepcion, el SP se ha presentado como una politica de combate a la pobre-
za, focalizada en la poblacién vulnerable, lo que obliga a preguntarnos por el impacto que
el programa ha tenido sobre la falta y desigual distribucién de los recursos destinados a la
proteccion de la salud.

Dado el tipo de intervencion que opera el SP, dar respuesta a la pregunta por el efecto
del SP sobre la distribucion de los recursos fisicos y humanos de la SSA ha requerido
unir dos ramas de investigacion sobre evaluacion de impacto: la inferencia con variables
causales continuas por un lado y con tratamientos dindmicos por el otro.

El periodo de tiempo tan largo que ha tomado el despliegue completo del programa,
y su probable retroalimentacion, ha demandado el desarrollo de un procedimiento semi-
paramétrico para analizar intervenciones continuas variables en el tiempo, asi como de
un estimador que facilite la evaluacion de este tipo de intervenciones. Esto ultimo a tra-
vés de un programa estadistico, disponible gratuitamente para la comunidad académica,
escrito en el lenguaje de la paqueteria estadistica Stata® (véase Apéndice B). La metodo-
logia estadistica desarrollada permite perfilar grupos de beneficiarios segtin su respuesta a
intervenciones complejas como la del SP, un adelanto cuya potencia desborda el andlisis
llevado a cabo aqui y que habré de probarse util en contextos similares.

La flexibilidad de la metodologia adoptada sugiere explorar varias vetas de investi-



Figura E.5: Densidad de recursos de la Secretaria de Salud por jurisdiccion sanitaria
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La densidad se expresa por cada mil habitantes sin seguridad social asociada al trabajo: IMSS, ISSSTE, PEMEX, Defensa o Marina.

Los nimeros en los descriptores de las gréficas a la izquierda hacen referencia al nimero de jurisdicciones sanitarias (JSs) pertenecientes a cada clase estimada.

Los niimeros en la regién interna de la gréficas a la izquierda se refieren a las pendientes estimadas para cada clase.
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gacion en el futuro inmediato. En particular, es posible acoplarle, por ejemplo, a otras
técnicas de exploracién por ponderaciéon como la regresion ponderada geograficamente o
de inferencia contrafactual como el andlisis por descomposicion. Ello permitiria incorpo-
rar la dimension espacial al andlisis observando dénde en un mapa son sistematicamente
diferentes las cantidades causales, o estimar la distribucion contrafactual completa de una
variable de interés.

Como principales resultados de nuestra investigacion, ofrecemos pruebas estadisticas
de que el SP ha tenido mayores efectos en las zonas geograficas del pais menos vulnerables.
Es usual que programas de desarrollo social tengan resultados no esperados e incluso
indeseables. Este puede ser el caso del SP, que muy probablemente ha incrementado la
desigualdad en la distribucién de los recursos en salud en el pais, dejando atrds a los
segmentos de la poblacién mds vulnerables de acuerdo con el Indice de Marginacién del
Consejo Nacional de Poblacién (CONAPO) (Fig. E.6).

Destacan asi jurisdicciones sanitarias como la de Creel en el estado de Chihuahua y
Motozintla en Chiapas, donde el SP exhibe sus menores efectos, en las que alrededor de
70 % de la poblacion, vive en localidades que en 2010 eran consideradas de alta y muy alta
marginacion por el CONAPO; en contraste con jurisdicciones como Centro en el estado de
Tabasco y Zacatecas del estado del mismo nombre, donde se estiman los mayores impactos
del programa, en las que s6lo alrededor del 4 % de su poblacion vive en localidades de alta
y muy alta marginacion.

Nuestros resultados se encuentran en linea con lo observado recientemente por Cortés
y Vargas [8] al analizar las trayectorias de marginacién de los municipios mexicanos en el
marco de la politica nacional de desarrollo: el terreno ganado a la marginacién ha venido
acompanado de un aumento en la heterogeneidad.

Desde luego, no hay nada necesario en este patrén. Reducir las carencias no impli-
ca, en sentido 16gico, ampliar la desigualdad. La contingencia de este fendmeno obliga a
preguntarnos no solo por la eficacia de la politica publica de desarrollo social en general,

sino por su eficiencia y la prioridad en los objetivos de la misma. Temas que reclaman



Figura E.6: Impacto del Seguro Popular sobre el incremento en la densidad de recursos de la Secretaria de Salud por
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Fuente: elaboracion propia con datos de la Direccion General de Informacion en Salud y el Seguro Popular.

La densidad se expresa por cada mil habitantes sin seguridad social tradicional asociada al trabajo: IMSS, ISSSTE, PEMEX, Defensa o Marina. Sélo se cuentan aquellos
médicos y enfermeras en labores clinicas (en contacto con pacientes).

La grificas a la izquierda en cada subfigura presentan el resultado de estimar clases latentes de efectos aleatorios del Seguro Popular sobre el incremento en
la densidad del respectivo recurso, ponderados por el inverso de la probabilidad de observar la respectiva historia de tratamiento. Los nimeros en la regién in-
terna de de estas gréficas se refieren a las pendientes estimadas para cada clase. Las grificas a la derecha presentan el indice de correlacion de Pearson entre
los mismos efectos aleatorios y el Indice de Marginacién de las jurisdicciones sanitarias siguiendo el método de estimacién del Consejo Nacional de Poblacién
http://www.conapo.gob.mx/es/CONAPO/Indices_de_Marginacion_Publicaciones.

Muy alta, alta, media, baja y muy baja marginacién se refiere al nivel del indice de Marginacién promedio de las jurisdicciones sanitarias en cada clase.
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particularmente la atencion de contribuyentes y beneficiarios como primeros implicados.

Garantizar el derecho a la proteccion de la salud, como ideal regulativo, demanda de
la sociedad evaluar la manera en que se invierten sus recursos escasos. ;Cudl es la mejor
senda a seguir para franquear el acceso efectivo a los servicios de salud en México? Los
resultados de nuestra investigacion contribuyen a esta discusion con informacion empirica
sobre el probable impacto del SP sobre los recursos materiales y humanos de la SSA.
Con ello abonamos a un conocimiento mas preciso sobre el SPSS mexicano que permita
mejorar el disefio de la politica de salud en México. Esta es, sin duda, una de las cuestiones
de mayor importancia en materia de politica publica en nuestro pais, cuya dltima expresion
es el SP.

Nuestro argumento se presenta en tres capitulos, susceptibles de leerse por separa-
do, escritos en inglés —lengua puente por excelencia en la disciplina— con la intencién de
alcanzar al mayor nimero de especialistas interesados. En el Capitulo 1 analizamos las
implicaciones de diferentes supuestos causales en la evaluacion del SP. Ahi mostramos la
necesidad de extender la metodologia de puntajes de propension para analizar tratamientos
continuos variables en el tiempo. En el Capitulo 2 presentamos un nuevo procedimiento
semiparamétrico que permite inferir cantidades causales, asociadas a intervenciones di-
namicas continuas. Esto ultimo a través del maridaje de la bibliografia sobre tratamien-
tos continuos con la de tratamientos dindmicos. El procedimiento propuesto permite esti-
mar funciones dosis-respuesta, media y cuantil, a través de regresiones locales aplicadas a
muestras ponderadas que controlan por variables confusoras variables en el tiempo. Es en
este capitulo que se estima y discute el impacto del SP sobre la distribucion de los recursos
en salud. Dada la relativa complejidad detrds del procedimiento discutido en el Capitu-
lo 2, en el Capitulo 3 presentamos un estimador robusto que facilita el andlisis causal en
contextos dindmicos con variables continuas. Por tltimo se ofrecen algunos comentarios
finales.

Cada vez mas se reconoce que la politica de desarrollo social en México se beneficiaria

de un disefio mds abierto, en un esquema de corresponsabilidad con la sociedad civil, que
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promueva tanto la investigacion académica como mecanismos de Contraloria Social. En
ultimo término, esperamos que la presente investigacion ayude a estimular el surgimiento

de un nuevo modo de hacer politica publica.
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Appendix A

Tables and Derivations

A.1 Tables from Chapter 1



Table A.1: Descriptive Statistics of the Sanitary Jurisdictions

Variable® Sample Mean Std. Dev. Min Max  Obs.

Full® 0.56 0.19 0.06 1.08 233
SP coverage®

Trimmed? 0.55 0.17 0.13 094 1%

Full 0.54 035 0.17 3.05 233
Doctor’s offices

Trimmed 045 0.20 0.17 153 1%

Full 0.66 1.01 0.00 9.70 233
Staffed hospital beds

Trimmed 042 0.30 0.00 216 1%

Full 0.76  0.49 0.00 3.58 233
Non-staffed hospital beds

Trimmed 0.67 0.37 0.00 1.69 194
Physicians with day-to-day Full 1.06 098 0.22 1047 233
contact with patients Trimmed 0.81 0.36 022 221 194
Physicians without day-to-day Full 0.09 0.16 0.00 1.63 233
contact with patients Trimmed 0.06 0.05 0.00 024 194
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Variable® Sample Mean Std. Dev. Min Max  Obs.

Nurses with day-to-day contact ~ Full 1.39  1.47 0.16 13.72 233
with patients Trimmed 1.02 0.49 0.16 3.12 194
Nurses without day-to-day Full 0.11 0.16 0.00 1.34 233
contact with patients Trimmed 0.07  0.07 0.00 0.53 194

Source: Own elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative records
@ Other than SP coverage, variables are expressed per thousand population without traditional health insurance: IMSS, ISSSTE, Pemex, the Ministry of Defense or the Navy.
b Affiliates as proportion of the population without traditional health insurance.

“The full sample result from aggregating the municipality level data to the sanitary jurisdiction level.

4The trimmed sample results from dropping the farthest away observations in the covariate space according to Gower’s metric.
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Table A.2: Average Treatment Effects for Dichotomized SP coverage on Sanitary

Jurisdictions®
Result Variable 2010-2001 Bootstrap Normal-based
(Change in Density)” Sample Coef. Std. Err. z  p>z [95% Conf. Interval]
UM° 0.06 0.02 294 0.00 0.02 0.10
CBPS? 0.05 0.02 2.88 0.00 0.02 0.08
Doctor’s offices
GM* 0.05 0.02 3.05 0.00 0.02 0.08
NP-CBPS/  0.05 0.02 250 0.01 0.01 0.08
UM 0.12 0.04 338 0.00 0.05 0.19
Physicians with day-to-day CBPS 0.13 0.04 3.34 0.00 0.05 0.20
contact with patients GM 0.11 0.03 323 0.00 0.04 0.18
NP-CBPS  0.13 0.05 291 0.00 0.04 0.23
o ] UM 0.01 0.01 140 0.16 0.00 0.02
Physicians without
CBPS 0.00 0.01 092 036 -0.01 0.02
day-to-day contact with
GM 0.00 0.01 0.11 091 -0.01 0.01
patients
NP-CBPS  0.00 0.01 0.77 044 -0.01 0.02

Table continues
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Result Variable 2010-2001 Bootstrap Normal-based

(Change in Density)? Sample Coef. Std. Err. z p>z [95% Conf. Interval]
UM 0.15 0.05 3.15 0.00 0.06 0.24
Nurses with day-to-day CBPS 0.18 0.05 375 0.00 0.09 0.28
contact with patients GM 0.13 0.05 283 0.01 0.04 0.23
NP-CBPS  0.20 0.06 353 0.00 0.09 0.31
UM 0.02 0.01 2,51 0.01 0.00 0.04
Nurses without day-to-day CBPS 0.02 0.01 2778 0.01 0.01 0.03
contact with patients GM 0.01 0.01 1.1 0.11 0.00 0.02
NP-CBPS  0.01 0.01 229 0.02 0.00 0.02

Source: Own elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative records
Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

@ Treatment variable results from dichotomizing Seguro Popular coverage in 2009 around its median.

b Per thousand population without traditional health insurance: IMSS, ISSSTE, Pemex, the Ministry of Defense or the Navy.

¢ Unmatched sample refers to the 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data.

@ Sample matched using Genetic Matching.

¢ Sample matched using Covariate Balance Propensity Score.

f Sample matched using Non-parametric Covariate Balance Propensity Score.
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Table A.3: Covariate-Balance for SP coverage with Balanced Samples with respect to

Dichotomized Treatment on Sanitary Jurisdictions®

Bootstrap Normal-based
Variable 2001° Treatment  Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM 0.10 0.03 3.61 0.00 0.05 0.16
. CBPS 0.03 0.02 191 0.06 0.00 0.06
Dichotomous
GM 0.01 0.01 1.06 0.29 -0.01 0.03
NP-CBPS  0.00 0.00 0.24 0.81 0.00 0.00
Doctor’s offices
UM 0.44 0.07 594 0.00 0.29 0.58
CBPS 0.30 0.07 437 0.00 0.16 0.43
SP coverage
GM 0.23 0.05 427 0.00 0.13 0.34
NP-CBPS 0.24 0.07 331 0.00 0.10 0.38

Table continues
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Bootstrap Normal-based
Variable 2001° Treatment Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM -0.05 0.04 -1.20 023 -0.14 0.03
) CBPS -0.01 0.02 -0.25 0.80 -0.05 0.04
Dichotomous
GM -0.02 0.02 -0.97 0.33 -0.06 0.02
NP-CBPS 0.00 0.00 1.22 022 0.00 0.00
Staffed hospital beds
UM -0.17 0.13 -1.29 020 -0.42 0.09
CBPS -0.06 0.10 -0.58 0.56 -0.25 0.14
SP coverage
GM -0.06 0.10 -0.55 058 -0.26 0.14
NP-CBPS -0.01 0.09 -0.07 094 -0.18 0.16

Table continues
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Bootstrap Normal-based
Variable 2001° Treatment Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM 0.27 0.05 546 0.00 0.17 0.36
) CBPS 0.05 0.03 1.79 0.07 0.00 0.10
Dichotomous
GM 0.02 0.02 1.31 0.19 -0.01 0.06
NP-CBPS 0.00 0.00 -0.17 0.86 -0.01 0.00
Non-staffed hospital
beds
UM 1.01 0.14 747 0.00 0.75 1.28
CBPS 0.60 0.14 420 0.00 0.32 0.88
SP coverage
GM 0.51 0.12 429 0.00 0.27 0.74
NP-CBPS 0.51 0.16 3.14 0.00 0.19 0.83

Table continues
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Bootstrap Normal-based
Variable 2001° Treatment Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM 0.12 0.05 238 0.02 0.02 0.22
) CBPS 0.05 0.03 1.59 0.11 -0.01 0.10
Dichotomous
GM 0.01 0.01 0.61 0.55 -0.02 0.04
Physicians with NP-CBPS  0.00 0.00 0.30 0.77 0.00 0.00
day-to-day contact with
patients UM 0.56 0.13 4.13 0.00 0.29 0.82
CBPS 0.40 0.11 3.68 0.00 0.19 0.61
SP coverage
GM 0.29 0.09 323  0.00 0.11 0.47
NP-CBPS 0.31 0.10 327 000 0.12 0.50

Table continues
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Bootstrap Normal-based
Variable 2001° Treatment Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM -0.01 0.01 -091 036 -0.02 0.01
) CBPS 0.00 0.00 -0.08 094 -0.01 0.01
Dichotomous
GM 0.00 0.00 -0.83 041 -0.01 0.00
Physicians without NP-CBPS  0.00 0.00 0.83 041 0.00 0.00
day-to-day contact with
patients UM -0.03 0.02 -1.12 026 -0.07 0.02
CBPS -0.01 0.02 -0.54 059 -0.05 0.03
SP coverage
GM 0.00 0.02 0.01 1.00 -0.04 0.04
NP-CBPS 0.00 0.02 -0.01 1.00 -0.04 0.04

Table continues
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Bootstrap Normal-based
Variable 2001° Treatment Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM 0.10 0.07 1.38 0.17 -0.04 0.24
) CBPS 0.06 0.04 1.50 0.13 -0.02 0.14
Dichotomous
GM 0.01 0.02 0.23 0.82 -0.04 0.05
. NP-CBPS  0.00 0.00 0.76 045 0.00 0.00
Nurses with day-to-day
contact with patients
UM 0.51 0.18 278 0.01 0.15 0.86
CBPS 0.41 0.15 2.85 0.00 0.13 0.70
SP coverage
GM 0.33 0.13 2.54 0.01 0.08 0.59
NP-CBPS 0.32 0.13 244 0.02 0.06 0.58

Table continues
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Bootstrap Normal-based

Variable 2001° Treatment Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM -0.02 0.01 -1.63  0.10 -0.04 0.00
) CBPS -0.01 0.01 -1.10 0.27 -0.02 0.00
Dichotomous
GM -0.01 0.00 -143  0.15 -0.01 0.00
Nurses without NP-CBPS 0.00 0.00 037 0.71 0.00 0.00
day-to-day contact with
patients UM -0.06 0.03 -1.75 0.08 -0.12 0.01
CBPS -0.02 0.03 -094 0.35 -0.07 0.03
SP coverage
GM -0.02 0.02 -0.85 040 -0.06 0.03
NP-CBPS 0.00 0.02 0.01 0.99 -0.04 0.04

Source: Own elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative records
Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

@ SP coverage refers to affiliates in 2009 as proportion of the population without traditional (work-related) health insurance (IMSS, ISSSTE, Pemex, the Ministry of Defense
or the Navy). Dichotomous treatment variable results from dichotomizing Seguro Popular coverage in 2009 around its median.

b Per thousand population without traditional health insurance.

¢ UM corresponds to the unmatched 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data, CBPS to the sample matched using
Covariate Balance Propensity Score, GM to the sample matched using Genetic Matching and NP-CBPS to the sample matched using Non-parametric Covariate Balance
Propensity Score, all with respect to dichotomized treatment.

@ Coefficients result from regressing each covariate in 2001 on the dichotomized and original SP coverage in 2009.
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Table A.4: Covariate-Balance for SP coverage on Sanitary Jurisdictions®

Variable 2001° Sample® Coef.?  Std. Err. z p>2z [95% Conf. Interval]
UM 0.44 0.08 583 0.00 0.29 0.59
OLS-SW -0.06 0.17 -0.35 0.73  -0.39 0.27

Doctor’s offices CBPS-OVER 0.17 0.16 1.06 029 -0.14 0.48
CBPS-EXACT 0.03 0.06 0.50 0.62 -0.09 0.15
NP-CBPS 0.00 0.02 -0.02 099 -0.03 0.03
UM -0.17 0.13 -1.25 021 -0.42 0.09
OLS-SW -0.03 0.17 -0.16 0.88 -0.37 0.31

Staffed hospital beds CBPS-OVER 0.09 0.15 0.65 0.52 -0.19 0.38
CBPS-EXACT  0.00 0.05 0.00 1.00 -0.11 0.11
NP-CBPS 0.00 0.01 0.09 093 -0.03 0.03

Table continues
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Bootstrap

Normal-based

Variable 2001° Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM 1.01 0.14 7.16  0.00 0.74 1.29
Non-staffed hospital OLS-SW -0.08 0.35 -0.22  0.83 -0.75 0.60
beds CBPS-OVER 0.44 0.32 1.37 0.17 -0.19 1.06
CBPS-EXACT 0.05 0.11 046 0.64 -0.16 0.26
NP-CBPS 0.00 0.04 -0.02 099 -0.09 0.08
UM 0.56 0.13 428 0.00 0.30 0.81
Physicians with OLS-SW -0.10 0.27 -0.38 0.70 -0.63 0.42
day-to-day contact with CBPS-OVER 0.31 0.18 1.70  0.09 -0.05 0.68
patients CBPS-EXACT 0.04 0.08 0.52 0.60 -0.11 0.19
NP-CBPS 0.00 0.02 -0.02 099 -0.04 0.04

Table continues
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Bootstrap Normal-based

Variable 2001° Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]

UM -0.03 0.02 -1.13 026 -0.07 0.02
Physicians without OLS-SW 0.02 0.04 0.71 048 -0.04 0.09
day-to-day contact with  CBPS-OVER 0.02 0.03 0.73 046 -0.04 0.08
patients CBPS-EXACT 0.00 0.01 042 0.67 -0.01 0.02

NP-CBPS 0.00 0.00 0.06 096 0.00 0.00

UM 0.51 0.17 291 0.00 0.17 0.85

OLS-SW 0.00 0.37 0.01 099 -0.72 0.73
Nurses with day-to-day

. . CBPS-OVER 0.38 0.23 1.68 0.09 -0.06 0.82

contact with patients

CBPS-EXACT 0.05 0.09 0.52 0.60 -0.13 0.22

NP-CBPS 0.00 0.02 0.05 096 -0.04 0.04

Table continues
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Bootstrap Normal-based

Variable 2001° Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM -0.06 0.03 -1.74  0.08 -0.12 0.01
Nurses without OLS-SW 0.01 0.05 0.20 0.84 -0.09 0.12
day-to-day contact with  CBPS-OVER 0.03 0.05 0.59 055 -0.06 0.12
patients CBPS-EXACT 0.00 0.01 -0.08 094 -0.02 0.02

NP-CBPS 0.00 0.00 0.07 095 -0.01 0.01

Source: Own elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative records
Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

@ SP coverage refers to affiliates in 2009 as proportion of the population without traditional (work-related) health insurance (IMSS, ISSSTE, Pemex, the Ministry of Defense
or the Navy).

b Per thousand population without traditional health insurance.

¢ UM corresponds to the unmatched 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data, OLS-SW to the sample weighted
using Robins’ stabilized weights assuming Gaussian distribution fitted with all two-way interactions; CBPS-OVER to the sample weighted using Over-identified Covariate
Balance Propensity Score, which gives equal importance to both correctly predict treatment-assignation and balancing covariates; CBPS-EXACT to the sample weighted
using Exactly-identified Covariate Balance Propensity Score, which privileges covariate balance over the probabilistic model; and NPCBPS to the sample weighted using
Non-parametric Covariate Balance Propensity Score, which dispenses with models altogether only minimizing covariate balance.

@ Coefficients result from regressing each covariate in 2001 on the SP coverage in 2009.
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Table A.5: Average Treatment Effect of SP coverage on Sanitary Jurisdictions®

Result Variable 2010-2001 Bootstrap Normal-based

(Change in Density)® Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM 0.27 0.06 474 0.00 0.16 0.38
OLS-SW 0.25 0.08 3.01 0.00 0.09 0.41

Doctor’s offices CBPS-OVER 0.20 0.06 3.18 0.00 0.08 0.32
CBPS-EXACT 0.15 0.09 1.66 0.10 -0.03 0.32
NP-CBPS 0.19 0.08 233 0.02 0.03 0.35
UM 0.49 0.10 472 0.00 0.28 0.69
OLS-SW 0.68 0.22 306 0.00 0.24 1.11

Physicians with day-to-day

. . CBPS-OVER 0.69 0.13 528 0.00 043 0.94

contact with patients
CBPS-EXACT 0.70 0.15 461 0.00 040 1.00
NP-CBPS 0.64 0.17 371  0.00 0.30 0.97

Table continues
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Result Variable 2010-2001 Bootstrap Normal-based
(Change in Density)® Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM 0.02 0.02 1.18 024 -0.02 0.06
Physicians without OLS-SW -0.02 0.03 -0.82 041 -0.07 0.03
day-to-day contact with CBPS-OVER 0.01 0.02 0.25 0.81 -0.04 0.05
patients CBPS-EXACT 0.01 0.03 0.20 0.84 -0.05 0.06
NP-CBPS -0.01 0.03 -0.23  0.81 -0.06 0.04
UM 0.52 0.16 326 0.00 0.21 0.83
OLS-SW 0.87 0.27 323 0.00 0.34 1.40
Nurses with day-to-day
. . CBPS-OVER 0.85 0.17 489 0.00 0.51 1.19
contact with patients
CBPS-EXACT 0.93 0.23 410 0.00 0.49 1.38
NP-CBPS 0.79 0.24 322 0.00 0.31 1.27

Table continues
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Result Variable 2010-2001 Bootstrap Normal-based

(Change in Density)® Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
UM 0.08 0.03 271 0.01 0.02 0.14
OLS-SW 0.04 0.03 1.35 0.18 -0.02 0.11
Nurses without day-to-day
. . CBPS-OVER 0.06 0.03 2.03 0.04 0.00 0.12
contact with patients
CBPS-EXACT 0.07 0.03 2.14 0.03 0.01 0.13

NP-CBPS 0.05 0.03 1.89 0.06 0.00 0.11

Source: Own elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative records
Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

@ SP coverage refers to affiliates in 2009 as proportion of the population without traditional health insurance: IMSS, ISSSTE, Pemex, the Ministry of Defense or the Navy.

b Per thousand population without traditional health insurance.

¢ UM corresponds to the unmatched 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data, OLS-SW to the sample weighted
using Robins’ stabilized weights assuming Gaussian distribution fitted with all two-way interactions; CBPS-OVER to the sample weighted using Over-identified Covariate
Balance Propensity Score, which gives equal importance to both correctly predict treatment-assignation and balancing covariates; CBPS-EXACT to the sample weighted
using Exactly-identified Covariate Balance Propensity Score, which privileges covariate balance over the probabilistic model; and NPCBPS to the sample weighted using
Non-parametric Covariate Balance Propensity Score, which dispenses with models altogether only minimizing covariate balance.

@ Coefficients result from regressing each result variable on the SP coverage in 2009.
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Table A.6: Quantile Treatment Effect of SP coverage on Sanitary Jurisdictions®

/Sampleb UM OLS-SW CBPS-OVER CBPS-EXACT NP-CBPS
Res. Variable® Quantile Coef? p >z Coef? p>2z Coef? p>2z Coef? p>z Coef? p>=z

.10 0.15 0.07 002 084 016 0.09 -0.02 089 -0.02 0.86
25 0.16 000 0.15 001 0.14 000 0.15 006 0.15 0.02
Doctor’s .50 026 000 034 000 021 0.00 026 0.01 021  0.07
offices 5 030 0.00 037 002 022 000 0.25 0.03 028  0.05
90 038 000 039 002 031 000 034 002 036 0.0l
.95 045 000 048 000 044 000 044 0.01 044  0.00

Table continues
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/Sampleb UM OLS-SW CBPS-OVER CBPS-EXACT NP-CBPS
Res. Variable® Quantile Coef? p >z Coef? p>2z Coef? p>2z Coef? p>z Coef? p>=z
.10 040 000 035 013 040 002 032 024 032 0.15
Physicians
b 25 0.43 0.00 0.46 0.14 0.55 0.00 0.53 0.03 0.43 0.07
wit
.50 0.58 0.00 0.87 0.00 0.78 0.00 0.76 0.00 0.73 0.00
day-to-day
. 75 050 000 076 002 079 0.00 0.81 0.00 0.76 0.00
contact with
) .90 0.32 0.25 0.50 0.14 0.50 0.03 0.53 0.05 0.46 0.05
atients
P 95 000 099 060 023 015 077 030 053 021 074

Table continues
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/Sampleb UM OLS-SW CBPS-OVER CBPS-EXACT NP-CBPS
Res. Variable® Quantile Coef? p >z Coef? p>2z Coef? p>2z Coef? p>z Coef? p>=z
.10 0.42 0.02 0.28 0.26 0.47 0.03 0.41 0.14 0.39 0.12

Nurses with 25 033 001 052 006 08 000 074 0.01 0.64 0.02
day-to-day .50 0.57 0.01 121 0.00 123 000 136 0.00 1.15  0.00
contact with 5 073 000 120 006 086 000 1.02 0.01 094  0.04
patients 90 0.66  0.09 1.00  0.15 0.68 0.03 .10 0.02  0.84 0.07

95 030 066 082 016 052 028 1.12 002 039 047

Source: Own elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative records
Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

@ Affiliates in 2009 as proportion of the population without traditional (labor-related) health insurance: IMSS, ISSSTE, Pemex, the Ministry of Defense or the Navy.

b UM corresponds to the unmatched 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data, OLS-SW to the sample weighted
using Robins’ stabilized weights assuming Gaussian distribution fitted with all two-way interactions; CBPS-OVER to the sample weighted using Over-identified Covariate
Balance Propensity Score, which gives equal importance to both correctly predict treatment-assignation and balancing covariates; CBPS-EXACT to the sample weighted
using Exactly-identified Covariate Balance Propensity Score, which privileges covariate balance over the probabilistic model; and NPCBPS to the sample weighted using
Non-parametric Covariate Balance Propensity Score, which dispenses with models altogether only minimizing covariate balance.

©2010-2001 change in density (per thousand population without traditional health insurance).

@ Coefficients result from a quantile regression of each result variable on the SP coverage in 2009.
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Table A.7: Interaction Treatment Effect of SP coverage with Pre-treatment Covariates on

Sanitary Jurisdictions®

/Sample® UM OLS-SW CBPS-OVER CBPS-EXACT NP-CBPS
Res. Var.¢  Terms? Coef® p>z Coef® p>z Coef® p>z Coef® p>z Coef® p>z
SP 0.31 0.01 0.33 0.00 0.26 0.02 0.37 0.01 0.19 0.16
SPxDO -0.16 053 -0.38 021 -0.13 0.67 0.33 035 -0.26 0.37
SPxSHB -0.16 0.13 -0.05 0.72 -0.13 0.25 0.06 0.69 -0.03 0.84
Doctor’s SPxNSHB 0.03 0.71 0.08 0.40  0.05 0.53 0.09 0.30 0.08 0.41
offices SPxPWC 0.20 0.35 0.11 0.66 0.10 0.70  -0.60 0.09 0.28 0.27

SPxPWOC -0.65 021 -0.10 088 -0.18 0.73 0.01 099 -0.01 099
SPxNWC -0.09 038 -003 077 -007 052 -001 095 -0.17 0.17
SPxXNWOC 049 054 018 077 030 0.69 048 0.60 027 0.72

Table continues
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/Sample® UM OLS-SW CBPS-OVER CBPS-EXACT NP-CBPS

Res. Var.© Terms? Coef.® p>z Coef.® p>z Coef® p>z Coef® p>z Coef® p>z

SP 053 0.00 0.69 001 064 0.00 0.74 0.00 0.52  0.05
Physicians ~ SPxDO -0.55 020 -087 0.10 -047 034 0.01 099 -0.76 0.18
with SPxSHB 0.10 0.66 0.10 0.68 0.10 068 032 0.27 0.20  0.51
day-to-day ~SPxNSHB  -0.04 0.74 -0.05 0.75 -0.12 031 -0.06 0.74 0.02 0.90
contact SPxPWC 024 046 020 064 021 057 -034 047 044 032
with SPxPWOC 1.72  0.21 276  0.11 233  0.10 252 0.05 3.07 0.05

patients SPXNWC 005 077 010 058 004 081 003 091 -0.11 063
SPXNWOC -1.13  0.11 -098 034 -1.15 0.3 -096 035 -1.48 0.18

Table continues
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/Sample® UM OLS-SW CBPS-OVER CBPS-EXACT NP-CBPS

Res. Var.© Terms? Coef.® p>z Coef.® p>z Coef® p>z Coef® p>z Coef® p>z
SP 0.61 0.01 0.88  0.01 0.87 0.00 0.79 0.02 0.69  0.06
Nurses SPxDO -064 009 -079 0.09 -069 006 -085 0.08 -0.99 0.03

with SPxSHB 055 005 025 044 048 012 049 0.16 046 021
day-to-day ~SPxNSHB  -0.01 092 -0.12 0.54 -0.15 030 -0.12 056 003 0.89
contact SPxPWC 040 026 035 046 055 015 093 006 077 0.11
with SPXPWOC 225 0.0 256 024 1.84 018 207 022 311 004
patients SPXNWC  -025 039 -0.07 083 -029 029 -043 023 -044 0.18

SPXNWOC -1.00 025 -0.57 0.66 -0.60 053 -040 075 -0.86 0.9

Source: Own elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative records
Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

@ Affiliates in 2009 as proportion of the population without traditional (labor-related) health insurance: IMSS, ISSSTE, Pemex, the Ministry of Defense or the Navy.

b UM corresponds to the unmatched 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data, OLS-SW to the sample weighted
using Robins’ stabilized weights assuming Gaussian distribution fitted with all two-way interactions; CBPS-OVER to the sample weighted using Over-identified Covariate
Balance Propensity Score, which gives equal importance to both correctly predict treatment-assignation and balancing covariates; CBPS-EXACT to the sample weighted
using Exactly-identified Covariate Balance Propensity Score, which privileges covariate balance over the probabilistic model; and NPCBPS to the sample weighted using
Non-parametric Covariate Balance Propensity Score, which dispenses with models altogether only minimizing covariate balance.

¢2010-2001 change in density (per thousand population without traditional health insurance).

d SP corresponds to Seguro Popular coverage, the rest of the terms correspond to the interaction of Seguro Popular coverage with pre-treatment covariates as follows: SPxDO
to the interaction with the density of Doctor’s Offices in 2001, SPxSHB to the interaction with the density of Staffed Hospital Beds, SPXNSHB to the interaction with the
density of Non-Staffed Hospital Beds, SPXPWC to the interaction with the density of Physicians with day-to-day contact with patients, SPXPWoC to the interaction with the
density of Physicians without day-to-day contact with patients, SPXNWC to the interaction with the density of Nurses with day-to-day contact with patients and SPXNOWC to
the interaction with the density of Nurses without day-to-day contact with patients.

¢ Coefficients result from regressing each result variable on the SP coverage in 2009 and its interaction with all 7 pre-treatment covariates.
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A.2 Derivation and Tables from Chapter 3

Equation 3.3 follows from plugging the Gaussian distribution,
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Equation 3.4 follows from plugging the definition of Robins’ stabilized weights,
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where last equality follows from assuming that current variables can only be affected by
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the past; and that the marginal distribution of A, is independent across time periods, i.e.,
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The elements of the last row and column of Y, (A4,, X,) are derived as follows.
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Where the last equality follows from assuming the marginal distribution of A; to be Gaussian with mean zero
and thus E (4;) = 0 and E (A%) = o2
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Where the last two equalities follow from assuming the marginal distribution of A; to be Gaussian with mean

zero, making its third moment equal zero, E (A3), and its second moment equal its variance, E (A%) = o2
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Table A.8: Covariate-Balance for Time-varying SP coverage on Sanitary Jurisdictions®

Bootstrap Normal-based
Variable® Sample® Coef.?  Std. Err. z  p>z [95% Conf. Interval]
Uw 0.10 0.03 375 0.00 0.05 0.15
GLM 0.05 0.02 2.89 0.00 0.02 0.09
Doctor’s offices
CBIPW-OVER 0.01 0.06 0.20 0.84 -0.10 0.13
CBIPW-EXACT 0.01 0.02 047 064 -0.03 0.05
Uuw 0.00 0.04 0.02 098 -0.07 0.07
) GLM 0.01 0.02 046 0.65 -0.03 0.05
Staffed hospital beds
CBIPW-OVER 0.02 0.05 043 0.67 -0.07 0.11
CBIPW-EXACT 0.01 0.02 040 0.69 -0.04 0.05
Uuw 0.24 0.07 361 0.00 0.11 0.37
Non-staffed hospital GLM -0.01 0.03 -0.32  0.75 -0.06 0.04
beds CBIPW-OVER -0.08 0.12 -0.67 0.50 -0.31 0.15
CBIPW-EXACT 0.01 0.02 040 0.69 -0.04 0.06

Table continues
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Bootstrap Normal-based

Variable? Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]

Uw 0.21 0.06 354 0.00 0.09 0.33
Physicians with

GLM 0.13 0.04 3.66 0.00 0.06 0.21
day-to-day contact with

. CBIPW-OVER 0.11 0.08 1.27 021 -0.06 0.27

patients

CBIPW-EXACT 0.02 0.04 0.55 058 -0.05 0.09

Uuw -0.01 0.01 -1.37  0.17 -0.02 0.00
Physicians without

GLM 0.00 0.00 -0.57 0.57 -0.01 0.01
day-to-day contact with

. CBIPW-OVER 0.00 0.01 0.06 095 -0.03 0.03

patients

CBIPW-EXACT 0.00 0.00 0.25 0.80 -0.01 0.01

Uw 0.25 0.09 2.88 0.00 0.08 0.41
Nurses with day-to-day GLM 0.14 0.05 295 0.00 0.05 0.24
contact with patients CBIPW-OVER 0.11 0.13 0.82 041 -0.15 0.36

CBIPW-EXACT 0.03 0.04 0.70 049 -0.06 0.12

Table continues
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Bootstrap Normal-based

Variable® Sample® Coef.?  Std. Err. z  p>z [95% Conf. Interval]
Uw -0.02 0.01 -1.93  0.05 -0.04 0.00
Nurses without
GLM 0.00 0.01 -0.61 0.54 -0.01 0.01
day-to-day contact with
. CBIPW-OVER 0.00 0.02 -0.12 091 -0.04 0.04
patients
CBIPW-EXACT 0.00 0.01 0.37 0.71 -0.01 0.01

Source: Own elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative records
Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

@ SP coverage refers to affiliates as proportion of the population without traditional (work-related) health insurance (IMSS, ISSSTE, Pemex, the Ministry of Defense or the
Navy).

b Per thousand population without traditional health insurance.

¢ UW corresponds to the unweighted 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data; GLM to the sample weighted
using OLS and an empty model as stabilizer; CBIPW-OVER to the sample weighted using over-identified correlation-breaking inverse-probability weights, which gives equal
importance to both correctly predict treatment-assignation and balancing covariates and CBPS-EXACT to the sample weighted using Just-identified CBIPW, which privileges
covariate balance over the probabilistic model.

@ Coefficients result from a pooled regressions (2328 obs.) of each covariate on the yearly increment of SP coverage.
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Table A.9: Average Treatment Effect of SP coverage on Sanitary Jurisdictions®

Bootstrap Normal-based

Outcome Variable® Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]

Uuw 0.20 0.01 1690 0.00 0.18 0.23

GLM 0.19 0.01 17.37 0.00 0.16 0.21
Doctor’s offices

CBIPW-OVER 0.19 0.04 531  0.00 0.12 0.26

CBIPW-EXACT 0.19 0.01 16.03 0.00 0.17 0.22

uw 0.53 0.02 2242 0.00 0.49 0.58
Physicians with

GLM 0.51 0.02 21.50 0.00 0.46 0.56
day-to-day contact with

. CBIPW-OVER 0.52 0.05 10.36  0.00 0.42 0.61

patients

CBIPW-EXACT 0.51 0.03 1523 0.00 0.45 0.58

Table continues
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Bootstrap Normal-based

Outcome Variable® Sample® Coef.?  Std. Err. z p >z [95% Conf. Interval]
Uw 0.73 0.04 19.00 0.00 0.66 0.81

Nurses with day-to-day GLM 0.71 0.03 20.81 0.00 0.65 0.78

contact with patients CBIPW-OVER 0.72 0.05 15.46 0.00 0.63 0.82
CBIPW-EXACT 0.72 0.04 18.09 0.00 0.64 0.80

Source: Own elaboration based on data from the Sistema Nacional de Informacién en Salud (National Health Information System) and Seguro Popular administrative records
Estimates based on 1000 replications. Bootstrapping takes into account the matching algorithm.

@ SP coverage refers to affiliates as proportion of the population without traditional (work-related) health insurance (IMSS, ISSSTE, Pemex, the Ministry of Defense or the
Navy).

b Increment on the relative number (per thousand population without traditional health insurance) with respect to year prior the implementation of the program.

¢ UW corresponds to the unweighted 194 sanitary jurisdictions with the smallest mean distance to the rest of the observations in the data; GLM to the sample weighted
using OLS and an empty model as stabilizer; CBIPW-OVER to the sample weighted using over-identified correlation-breaking inverse-probability weights, which gives equal
importance to both correctly predict treatment-assignation and balancing covariates and CBPS-EXACT to the sample weighted using Just-identified CBIPW, which privileges
covariate balance over the probabilistic model.

d Coefficients result from pooled regressions (2328 obs.) of each outcome variable on (cumulated) SP coverage.

So1
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Appendix B

Programming code (Stata®)

Do-file used to obtain the Correlation Breaking Inverse Prob-

ability of Treatment Weights in Chapter 3.

The next code is an adaptation of the code CBPSContinuous.r by Christian Fong, Chad
Hazlett, and Kosuke Imai [14]. This code does not define a Stata® command (ado-file),
readers are free to contact authors directly regarding any doubts or an electronic (.do)
version.The authors would like to thank Christian Fong for useful comments. The usual

disclaimer applies.



OO ~Joy U bW -

cap
mata
mata
end

prog

"ne

"ne

end

mata

prog drop CBMSMContinuous

clear

CBMSMContinuous, eclass
version 13
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syntax varlist [if] [in] [, bal only bal only init init points(numlist) nelder mead]

marksample touse
gettoken lhs rhs : varlist

mat b = J(1, :word count ‘rhs' cons sigmasq',0)

mat b _ort = J(1, :word count ‘rhs' cons sigmasq',0)
summ ~lhs' if “touse', d

mat sw = J(r(N),1,0)

mat sw 1 = J(r(N),1,0)

mat balance = J( :word count ‘rhs'', 1,
mat basel = J( :word count ‘rhs'', 1,0)
sort id t

0)

tempvar bootrep bs id

tempname bs mid

bys id t: gen "bootrep'= n

sort id “bootrep' t

egen bs id = group(id “bootrep')

mat colnames b = (intercept) "rhs' sigmasg
mat colnames b _ort = (intercept) ‘rhs' sigmasqg
local init points: subinstr local init points " " ", ", all

if (" init points'"!=""){

mata: i CBMSM c (" lhs'", "'rhs'", "'touse'", "'bal only'", "'bal only init'",
lder _mead'", ("init_points'))

}

else {

mata: i CBMSM c (" lhs'"™, "'rhs'", "‘touse'", "'bal only'", "'bal only init'",
lder mead'")

}

drop bs_id

mat sw transpose=sw'

mat b all=b ort, sw_transpose

eret post b ort

eret matrix sw sw

eret matrix sw_ 1 sw 1

eret matrix balance balance

eret matrix basel basel

eret local state " =c(seed)'"

eret di

void i lossf(todo,b,loss, g, H)
{
external Ttilde, Xtilde, info, time, stabilizers
n = rows (Ttilde)
k = cols(Xtilde)
probs min=le-6
cons = J(n,1,1)

XtildeXtilde = cross (Xtilde,Xtilde)
XtildeTtilde = cross (Xtilde,Ttilde)

mcoef = pinv(XtildeXtilde)*XtildeTtilde

e = Ttilde - (Xtilde) *mcoef

sigmasq mco=mean ((Ttilde - Xtilde*mcoef) :"2)
Ttilde hat=(Xtilde) *mcoef

sigmasq = exp (log(sigmasqg_mco) *b)
probs curr=normalden(Ttilde, Xtilde* (mcoef*b), sqrt(sigmasq))
probs_curr=rowmin ((cons:-probs_min,probs curr))
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probs curr=rowmax ((cons*probs min,probs curr)

probs curr=log(probs curr)
for (i=1; i<=rows (info); i++) {
j0 = info[i, 1]
jl1 = infol[i, 2]

for (3=30+1; j<=j1; J++)
probs curr[j] = probs curr[j-1] + probs curr([j]
}

}

w= stabilizers' - probs curr

SW=w

swsg=2*sw

sw=exp (sw)

swsg=exp (swsq)

sw_1=J(rows(Ttilde),1,1)

for (i=1; i<=rows (info); i++) {

j0 = info[i, 1]

jl1 = infol[i, 2]

for (j=30+1; j<=j1;
sw_1[j] = sw([]j-1]

}

jt+)

}

swsq 1=J(rows (Ttilde),1,1)
for (i=1; i<=rows (info); i++) {
j0 = info[i, 1]

j1 = infoli, 2]
for (3=j0+1; j<=3j1; Jj++)
swsq 1[j] = swsq[j-1]

}

w_curr=Ttilde:*sw

w_curr del=1/n*Xtilde'*w_curr

score 1= 1/n*Xtilde'* (Ttilde-Xtilde* (mcoef*b))/sigmasqg

score:2: 1/n*cons'* ((Ttilde - Xtilde* (mcoef*b)):72/(2*sigmasqg”"2)

gbar=(score 1 \score 2 \ w _curr del)

n identity vec = J(rows(Ttilde),1,1)
Xtilde 1 1=1/sigmasqg*Xtilde'*Xtilde
Xtilde 1 2=0*Xtilde'*n identity vec
Xtilde 1 3=Xtilde'* (Xtilde:*sw_ 1)

1= 1/ (2*sigmasq))

Xtilde 2 2=n identity vec'*n identity vec* (2*sigmasg”2)”(-1)
Xtilde 2 3=Xtilde'* ((-Xtilde* (mcoef*b)/sigmasq) :*sw_1)
Xtilde 3 3=Xtilde:*rowmin ((exp ((Xtilde* (mcoef*b)):72/sigmasqg + log(sigmasqg :+ (

Xtilde*(mcoef*b)T:A2)), cons*107250)
Xtilde 3 3=Xtilde'* (Xtilde 3 3:*swsq 1)

V=(1/n*(Xtilde 1 1,Xtilde 1 2,Xtilde 1 3)
\ 1/n*(Xtilde 1 3,Xtilde 2 3,Xtilde 3 3))
invV=pinv (V)

lossl=gbar'*invV*gbar
loss=lossl*n

\ 1/n*(Xtilde 1 2',Xtilde 2 2,Xtilde 2 3'")



void i loss(todo,b,loss, g, H)

external Ttilde, Xtilde, info, time, stabilizers

n = rows (Ttilde)
k = cols(Xtilde)
probs min=le-6

cons = J(n,1,1)

XtildeXtilde = cross (Xtilde,Xtilde)
XtildeTtilde = cross(Xtilde,Ttilde)

mcoef = pinv(XtildeXtilde)*XtildeTtilde
e = Ttilde - (Xtilde)*mcoef
sigmasqg_mco=mean ((Ttilde - Xtilde*mcoef) :"2)

Ttilde_hat=(Xtilde) *mcoef

sigmasqg = exp(b[cols (Xtilde)+1])

probs curr=normalden(Ttilde, Xtilde*b[l..cols(Xtilde)]', sqgrt(sigmasq))

probs curr=rowmin ((cons:-probs min,probs curr)
probs_curr=rowmax ( (cons*probs_min,probs_curr)

probs curr=log(probs_curr)

for (i=1; i<=rows (info); i++) {
j0 = info[i, 1]
j1 = infoli, 2]
for (3=30+1; J<=31; J++) {
probs curr[j] = probs curr[j-1] + probs curr(j]

}
}

w= stabilizers' - probs_ curr

SW=wW

SWsg=2*sw

sw=exp (sw)

swsg=exp (swsq)

sw_1=J(rows (Ttilde),1,1)

for (i=1; i<=rows (info); i++) {
j0 = infoli, 1]
jl1 = infol[i, 2]
for (j=j0+1; j<=j1; j++) {
sw 1[3] = sw[j-1]
}

}

swsq 1=J(rows (Ttilde),1,1)
for (i=1; i<=rows (info); i++) {
j0 = info[i, 1]
j1 = infoli, 2]
for (J=30+1; Jj<=31; J++) {
swsq_103] = swsqlj-1]
}

w_curr=Ttilde:*sw
w_curr del=1/n*Xtilde'*w curr

score 1= 1/n*Xtilde'* (Ttilde-Xtilde*b[l..cols(Xtilde)]"')/sigmasq

score 2= 1/n*cons'* ((Ttilde - Xtilde*b[l..cols(Xtilde)]'):72/(2*sigmasqg”2)
sigmasq))
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= 1/ (2*
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gbar=(score 1 \score 2 \ w _curr del)
n_identity vec = J(rows(Ttilde),1,1)

Xtilde 1 1=1/sigmasg*Xtilde'*Xtilde

Xtilde 1 2=0*Xtilde'*n identity vec

Xtilde 1 3=Xtilde'* (Xtilde:*sw 1)

Xtilde 2 2=n identity vec'*n identity vec* (2*sigmasg”2)”(-1)

Xtilde 2 3=Xtilde'* ((-Xtilde*b[l..cols(Xtilde)]'/sigmasq) :*sw 1)

Xtilde 3 3=Xtilde:*rowmin ((exp ((Xtilde*b[l..cols(Xtilde)]"'):"2/sigmasq + log(sigmasqg

:+ (Xtilde*b[l..cols(Xtilde)]"'):"2)), cons*107250))

\ 1/n*(

Xtilde 3 3=Xtilde'* (Xtilde 3 3:*swsq 1)

V=(1/n*(Xtilde 1 1,Xtilde 1 2,Xtilde 1 3) \ 1/n*(Xtilde 1 2',Xtilde 2 2,Xtilde 2 3'")
Xtilde 1 3,Xtilde 2 3,Xtilde 3 3))
invV=pinv (V)

lossl=gbar'*invV*gbar
loss=lossl*n

if (todo >= 1) {
dgbar 1 1 = quadcross(-Xtilde,Xtilde/sigmasq)

dqbar:1:2 = (-(Ttilde - Xtilde*b[l..cols(Xtilde)]"')/ (sigmasg”"2)) '*Xtilde
dgbar 2 2 = n identity vec'*(-(Ttilde - Xtilde*b[l..cols(Xtilde)]'):"2/ (sigmasg”"

3) :+ (2*sigmasg”2)”(-1)

sigmasq)

dgbar 3 1=(Xtilde) :* (Ttilde-Xtilde*b[l..cols(Xtilde)]")/sigmasqg

for (i=1; i<=rows (info); 1i++) {
j0 = infoli, 1]

jl1 = infol[i, 2]
for (3=30+1; j<=3j1; j++) |
dgbar 3 1[j,.] = dgbar 3 1[j-1,.] + dgbar 3 1[j,.]
}
}
dgbar 3 1 = ((dgbar 3 1:*w curr))'*Xtilde
dgbar 3 2 = (Ttilde - Xtilde*b[l..cols(Xtilde)]'):"2/(2*sigmasg”2) :- 1/(2*

for (i=1; i<=rows (info); i++) {
jO0 = info[i, 1]
j1 = infol[i, 2]
for (3=j0+1; j<=31; Jj++) {
dgbar 3 2[j] = dgbar 3 2[j-1] + dgbar 3 2[j]
}
}
dgbar 3 2 = (-w_curr:*(dgbar 3 2))'*Xtilde

dgbar = 1/n*((dgbar 1 1 \ dgbar 1 2*sigmasq),
(dgbar 1 2'\ dgbar 2 2*sigmasq),
(dgbar 3 1 \ dgbar 3 2*sigmasq))

gt = 2*n*dgbar*invV*gbar
g = gt'

}
if (todo == 2) {

H = 2*n*dgbar*invV*dgbar'
_makesymmetric (H)

}



void i loss_bal only(todo,b,loss, g, H)
{

external Ttilde, Xtilde, info, time, stabilizers

n = rows (Ttilde)
k = cols(Xtilde)
probs min=le-6

cons = J(n,1,1)

XtildeXtilde = cross(Xtilde,Xtilde)
XtildeTtilde = cross (Xtilde,Ttilde)

mcoef = pinv(XtildeXtilde)*XtildeTtilde

e = Ttilde - (Xtilde) *mcoef

sigmasg mco=mean ((Ttilde - Xtilde*mcoef) :"2)
Ttilde_hat=(Xtilde) *mcoef

sigmasqg = exp(b[cols (Xtilde)+1])

probs curr=normalden(Ttilde, Xtilde*b[l..cols(Xtilde)]"',
/**/

probs curr=rowmin ((cons:-probs min,probs curr)
probs_curr=rowmax ( (cons*probs_min,probs_curr)

probs curr=log(probs_curr)

for (i=1; i<=rows (info); i++) {
j0 = info[i, 1]
j1 = infoli, 2]
for (3=30+1; J<=31; J++) {
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sgrt (sigmasq))

probs curr[j] = probs curr[j-1] + probs curr(j]

}
}
w= stabilizers' - probs_ curr

SW=W
sSwsg=2*sw
sw=exp (sw)
swsg=exp (swsq)

sw_1=J(rows (Ttilde),1,1)
for (i=1; i<=rows (info); i++) {
j0 = infoli, 1]
jl1 = infol[i, 2]
for (3=j0+1; j<=3j1; j++) {
sw 1[3] = sw[j-1]
}

}

swsq 1=J(rows (Ttilde),1,1)
for (i=1; i<=rows (info); i++) {
j0 = info[i, 1]
j1 = infoli, 2]
for (J=30+1; Jj<=j1; J++) {
swsgq_1[3] = swsq[j-1]
}

w_curr=Ttilde:*sw
w_curr del=1/n*Xtilde'*w_curr
gbar=w_curr_del
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invV=pinv (Xtilde'*Xtilde)

lossl=gbar'*invV*gbar
loss=lossl*n

if (todo >= 1) {

dgbar 3 1=(Xtilde)
i++) |

for (i=1; i<=rows (info);

j0 = info[i, 1]
jl1 = infoli, 2]
for (3=j0+1; j<=31; Jj++) {

dgbar 3 1[3,.]
}

= dgbar 3 1[j-1,.]

dgbar 3 1 = ((dgbar 3 1:*w curr))'*Xtilde
dgbar 3 2 =

sigmasq)

i<=rows (info) ;

for (i=1; it++) |

j0 = info[i, 1]
jl1 = infol[i, 2]
for (J=30+1; j<=31; j++) {

dgbar 3 2[j] =
}

dgbar 3 2 = (-w curr:*(dgbar 3 2))'*Xtilde
dgbar = 1/n*((dgbar 3 1) \
sigmasqg* (dgbar 3 2))
gt = 2*n*dgbar*invV*gbar
g = gt'

}
if (todo == 2) {

H = 2*n*dgbar*invV*dgbar'
_makesymmetric (H)

}

void i CBMSM c(string scalar lhs,
bal only, string scalar bal only init,

{

string scalar rhs,
string scalar NM, |

external treat, X, Ttilde, Xtilde, panel st,

panel st = st data(., ("bs_ id", "t"), ok)
time = st data(., ("t"), ok)
info=panelsetup(panel st, 1)

treat = st _data(., tokens(lhs), ok)

cons = J(rows (treat),1,1)

probs_min=le-6

time,

:*(Ttilde-Xtilde*b[1l..cols(Xtilde)]"')/sigmasqg

+ dgbar 3 1[j,.]

(Ttilde - Xtilde*b[l..cols(Xtilde)]'):72/(2*sigmasqg”2)

dgbar 3 2[j-1] + dgbar 3 2[j]

string scalar ok,
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= 1/ (2%

string scalar

real vector init points)

info,

stabilizers
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X = st data(., tokens(rhs), ok)

X orig=X

x_sd= (diagonal (sgrt (quadvariance (X))))
X mean=mean (X)

X=(X:-mean(X)):/ x_sd

X= cons, X

U=s=Vt =J(0,0,.)

svd(X,U,s,Vt)

X=U

Xtilde=(X :- mean (X))
T=(treat:-mean (treat))/ (sqgrt (quadvariance (treat))
Ttilde=(T:-mean(T))

n rows (Ttilde)
k = cols (Xtilde)

XtildeXtilde = cross(Xtilde,Xtilde)
XtildeTtilde = cross (Xtilde, Ttilde)

mcoef = pinv(XtildeXtilde)*XtildeTtilde
Ttilde hat=(Xtilde) *mcoef

e = Ttilde - (Xtilde) *mcoef

sigmasqg mco=mean ((Ttilde - Xtilde*mcoef) :"2)

stabilizers=normalden(Ttilde[1l,.], Ttilde hat, sqgrt(sigmasqg mco))

stabilizers=rowmin ((cons:-probs min,stabilizers))
stabilizers=rowmax ((cons*probs min,stabilizers)

i=2

while (i<=n) {
probs=normalden(Ttilde[i,.], Ttilde_hat, sqrt(sigmasq mco))
/*x*/
probs=rowmin ( (cons:-probs _min,probs))
probs=rowmax ( (cons*probs min,probs))

stabilizers=(stabilizers, probs)
i++
}
stabilizers=mean (stabilizers)
stabilizers=log(stabilizers)
for (i=1; i<=rows(info); i++) {
j0 = info[i, 1]

jl1 = infoli, 2]
for (3=30+1; j<=j1; Jj++) {

stabilizers[j] = stabilizers[j-1] + stabilizers[j]
}
}
if (args()==6) {
init = (mcoef', log(sigmasg mco))
}
if (args()==7) {
init = init points
}
S = optimize init()
if (bal _only=="" & bal only init=="") {

optimize_ init evaluator (S, &i_loss())

}



174

else {
optimize init evaluator(S, &i loss bal only()

}
optimize init which(S,"min")

if (NM=="") {
optimize init evaluatortype(S,"d2")
optimize init params(S,init)
optimize init technique(S, "nr dfp bfgs"
}
else {
optimize init evaluatortype(S,"d0"
optimize init params(S,init)
optimize init technique(S, "nm")
optimize init nmsimplexdeltas(S, J(1,cols(init),1/100000)
}

optimize init singularHmethod(S, "hybrid" )

optimize init trace dots(S, "on")
optimize init trace value(S, "on")
optimize init trace tol(S, "on")
optimize init trace step(S, "on")
optimize_init trace_paramdiffs(S, "on")
optimize init trace params(S, "on")
optimize init trace gradient(S, "on")
optimize init trace Hessian(S, "on")

~optimize (S)

if (_optimize(S)==0) {
p = optimize result params(S)

}

else {
optimize init evaluatortype(S,"d0")
optimize init params(S,init)
optimize init technique(S, "nm")
optimize init nmsimplexdeltas(S, J(1,cols(init),1)
p = optimize (S)
}

if (bal only init!="") {
init =
if (bal only=="") {

optimize init evaluator (S, &i loss())

}

else {

optimize init evaluator(S, &i_loss_bal only()
}

optimize init evaluatortype(S,"d2")
optimize init params(S,init)
optimize init technique(S, "nr dfp bfgs"

_optimize(S)

if ( optimize(S)==0) {

p = optimize result params(S)

}

else {
optimize init evaluatortype(S,"d0")
optimize init params(S,init)
optimize init technique(S, "nm")
optimize init nmsimplexdeltas(S, J(1,cols(init),1)
p = optimize(S)
}



printf ("Minimization report \n")
optimize query(S)

mlf=optimize result value(S)
printf ("Minimum loss function value = %$9.4f \n",

beta opt= p[l..cols(X)]

sigmasqg opt = exp(p[cols (X)+1]

probs opt = normalden(Ttilde, Xtilde*beta opt',
/**/

probs opt = rowmin((cons:-probs min,probs opt))
probs opt = rowmax ((cons*probs min,probs opt))

probs_opt = log(probs_opt)

for (i=1; i<=rows (info); i++) {
j0 = infoli, 1]
j1 = infol[i, 2]
for (§=30+1; j<=31; J++) {

probs_opt[j] = probs opt[j-1] + probs opt[j]

}

w_opt = stabilizers' - probs opt

sw_opt=w_opt
sw_opt=exp (sw_opt)

sw_opt_1=J(rows(Ttilde),1,1)

for (i=1; i<=rows (info); i++) {
j0 = info[i, 1]
j1 = infoli, 2]
for (J=30+1; j<=j1; J++) {
sw opt 1[j] = sw opt[j-1]
}

}

bal = J(cols (X orig), 1,0)
baseline = J(cols (X orig), 1,0)
for (j=1; j<=cols(X orig); j++) {

ballj,1] =

mlf)

sqrt (sigmasqg opt))

(mean (sw_opt:*X origl[,j]:*treat)
]) *mean (sw_opt:*treat)*n/sum(sw opt))/ (sqrt (mean(sw opt:*X origl[,j]l:"2)
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- mean(sw_opt:*X origl[,]

- mean (sw_opt:*

X orig[,j]):"2*n/sum(sw_opt)) *sqgrt (mean(sw_opt:*treat:"2) - mean(sw opt:*treat):"2*n/sum(
sw_opt)))
baseline[j,1] = quadcorrelation((treat, X origl[,j])) [1,2]
}
bal
baseline

beta opt = pinv (X'*X)*X'* (Xtilde*p[l..cols(X)]"
sinv = s':"-1

beta opt = Vt'*diag(sinv)*beta opt

beta opt = beta opt':/(1l,x sd)

beta opt[.,1] = beta opt[.,1]-(X mean*beta opt[2..cols(X)]")

st replacematrix("b ort",p)
st replacematrix("b", (beta opt,sigmasqg opt))
st replacematrix("sw",sw opt)
st_replacematrix("sw_1",sw_opt 1)

st replacematrix("balance",bal)

st _replacematrix("basel",baseline)

:+ mean(T))
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620

end
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Disclaimer

The software (do-file) is provided by the author as is and any express or implied war-
ranties, including, but not limited to, the implied warranties of merchantability and fitness
for a particular purpose are disclaimed. In no event shall the author be liable for any di-
rect, indirect, incidental, special, exemplary, or consequential damages (including, but not
limited to, procurement of substitute goods or services; loss of use, data, or profits; or
business interruption) however caused and on any theory of liability, whether in contract,
strict liability, or tort (including negligence or otherwise) arising in any way out of the use

of this software, even if advised of the possibility of such damage.
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