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Abstract

This study explores the impact of diabetes on employment in Mexico using data from
the Mexican Family Life Survey (MxFLS) (2005), taking into account the possible
endogeneity of diabetes via an instrumental variable estimation strategy. We find
that diabetes significantly decreases employment probabilities for men by about 9.9
percent (p<0.01) and somewhat less so for women — 4.2 percent (p<0.1) — without
any indication of diabetes being endogenous. Further analysis shows that diabetes
mainly affects the employment probabilities of people above the age of 44 and also
has stronger effects on the poor than on the rich, particularly for men. Our results
highlight — for the first time — the detrimental employment impact of diabetes in
a developing country.



1 Introduction

Diabetes, similar to other conditions that have been coined ”diseases of affluence”, has
traditionally been seen as mostly a problem of the developed, more affluent countries. Only
in recent years the awareness has been growing of the sheer size of the problem in health
terms (Yach et al., 2006; Hu, 2011). Mexico is one example of a middle-income country
that has seen diabetes rates increase sharply over the last years, from about 7.5 percent in
2000 (Barquera et al., 2013) to 12.6 percent in 2013 (International Diabetes Federation,
2013). The high prevalence of diabetes in Mexico reflects an epidemiological transition
from a disease pattern previously characterized by high mortality and infectious diseases
to low-mortality rates and non-communicable diseases (NCDs) affecting predominantly
adults (Stevens et al., 2008). This transition has likely been reinforced both by nutritional
changes away from a traditional diet towards an energy dense, but nutritionally poor
diet with an increasing amount of processed foods and sugars (Barquera et al., 2008;
Basu et al., 2013), as well as what appears to be a particular genetic predisposition of
many Mexicans to develop type 2 diabetes (Williams et al., 2014). While many of the
high-income countries may be in a position to cope resource-wise with the health care
consequences of diabetes, this will be less so the case for Mexico and other low- and
middle-income countries (LMICs). The most recent ”cost-of-illness” estimates put the
costs of diabetes to the Mexican society at more than US$778 million in 2010, with a
large part of these costs being paid out-of-pocket (Arredondo and De Icaza, 2011). While
the above includes some estimate of indirect costs, meant to capture the cost burden
attributable to foregone productivity resulting from diabetes, there exists no rigorous,
econometric assessment of the effect of diabetes on employment chances for Mexico as
the research has thus far focused on high-income countries (Lin, 2011; Latif, 2009; Brown
et al., 2005; Minor, 2011; Bastida and Pagán, 2002; Vijan et al., 2004; Zhang et al., 2009).

There are several reasons to expect a significant adverse effect of diabetes on employment
chances in Mexico and that this effect might be stronger than in high-income countries. In
Mexico type 2 diabetes is increasingly affecting people in their productive age, raising the
possibility that a larger share of people with diabetes will have to cope with debilitating
complications already relatively early in life (Barquera et al., 2013; Villalpando et al.,
2010). Further, only a minority of Mexicans appears to successfully manage their diabetes
condition, with as much as 70 percent of the people with diabetes having poor control
over their disease (Villalpando et al., 2010). In addition, many Mexicans are working
in the large informal economy1, possibly limiting their access to quality health care and
hence to appropriate treatment options. All these factors are likely to both increase the
risk of developing debilitating diabetes complications as well as to reduce productivity as a
result. Against this background, the aim of this study is to investigate how diabetes affects
employment probabilities in a middle-income country such as Mexico. To the best of our
knowledge this is the first such paper on Mexico and indeed on any low- or middle-income
country (LMIC). We also investigate if the impact of diabetes on employment chances
differs across age groups and — again for the first time in this field — wealth categories.

1In 2005 around 58 percent of the working population in Mexico were employed in the informal sector
(Aguila et al., 2011).
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Since some earlier studies have found diabetes to be endogenous (Lin, 2011; Latif, 2009;
Brown et al., 2005; Minor, 2011), there would be a risk of inconsistent estimates if this
was ignored in our case. Endogeneity might arise due to reverse causality: employment
status and a related lifestyle may also influence the odds of developing diabetes. A job
with long office working hours might push a person’s diet or exercise pattern towards a
more unhealthy and sedentary lifestyle due to reduced leisure time, increasing the per-
son’s risk for diabetes. In addition, unobserved factors, such as personal traits, could
simultaneously influence a person’s employment as well as his or her diabetes status. A
less ambitious person could be less productive in a job, increasing the risk of being laid
off, and he or she could simultaneously have only modest, if any, exercise goals or healthy
eating habits, thereby increasing the chances of developing diabetes. In order to account
for this possible endogeneity we use data from the second wave of the Mexican Family
Life Survey (MxFLS) from 2005, which not only provides information on people’s diabetes
status and socioeconomic background, but also on parental diabetes, enabling us to con-
struct an instrumental variable similar to what has been used in the previous literature
on high-income countries.2 The data also allows the extension of the analysis to test if
the inclusion of information on parental education as an additional control variable affects
the instrumental variable (IV) parameter estimates.

The remainder of the paper is structured as follows. The next section reviews the related
literature this study builds on. Section 3 provides details about the used dataset and
the econometric specification; and section 4 presents and discusses the empirical results.
Section 5 concludes.

2 Literature review

The majority of the more recent studies on the labour market impact of diabetes tried
to account for the possible endogeneity of diabetes using family history of diabetes as an
instrument.

Brown et al. (2005) estimated the impact of the disease on employment in 1996–1997 in
an older population of Mexican Americans in the US close to the Mexican border, using
a recursive bivariate probit model. They found diabetes to be endogenous for women
but not for men. The results of the IV estimation suggested no significant effect on
women, indicating an overestimation of the effect for women when endogeneity was not
accounted for. For men, the probit estimates indicated a significant adverse effect of about
7 percent. Latif (2009) estimated the effect of the disease on employment probabilities
in Canada in 1998. Contrary to Brown et al. (2005), he found diabetes to be exogenous
for females and endogenous for males; taking this into account he obtained a significant
negative impact on the employment probabilities for women, but not for men. Because the
simple probit model showed a significant negative effect for males, Latif concluded that not
accounting for endogeneity resulted in an overestimation of the effect on male employment

2Studies that have used the family history of diabetes as an instrument for diabetes are Brown et al.
(2005) for a Mexican-American community, Latif (2009) for Canada, Minor (2011) for females in the
United States (US) and Lin (2011) for Taiwan.
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chances. Minor (2011) investigated the effect of diabetes on female employment, among
other outcomes, in the US in 2006. This particular study differed from earlier work in that
it not only analysed the effects of diabetes in general, but also of type 1 and type 2 diabetes
separately. The study found diabetes to be endogenous and underestimated if exogeneity
was assumed. In the IV estimates, type 2 diabetes had a significant negative effect on
female employment chances. For Taiwan, Lin (2011) found diabetes to be endogenous,
with the IV results showing significant changes in the employment effect of diabetes. The
impact was found to be significantly negative for men in the IV model indicating an
underestimation in the standard probit model, where the diabetes coefficient was also
significant but much smaller in size. For women, no significant effect was found in the
IV estimation after the probit model had indicated a significant and negative impact of
diabetes.

Accordingly, at least in some cases, there seems to be the risk of biased estimates of
the impact of diabetes on employment, when exogeneity is assumed, with an a priori
ambiguous bias. Hence, our decision in this study to also assess if diabetes is endogenous
and how precisely taking account of endogeneity might affect the estimates.

3 Methodology

3.1 Dataset and descriptive statistics

The dataset used for the empirical analysis is the Mexican Family Life Survey (MxFLS).
It is a nationally representative household survey which was conducted in 2002 and 2005.
We use data from the second wave in 2005, which includes almost 40,000 individuals.
Interviews were conducted with all household members aged 15 and above and information
on a wide range of social, demographic, economic and health behaviours of the individuals
and their families was collected (Rubalcava and Teruel, 2008). While there are more recent
datasets available on Mexico, none of these provide as extensive information on parental
characteristics as does the MxFLS, which includes information on parental diabetes and
education status, even if parents were not alive anymore or were living in a non-surveyed
household at the time of the survey. Diabetes is self-reported and 3.7 percent of males and
5.1 percent of females report a diagnosis by a doctor.3 Unfortunately we cannot — with

3 This is well below the estimated prevalence rate for 2013 of almost 12 percent. This is likely due to

the fact that, according to the International Diabetes Federation (IDF), more than half of the people with

diabetes in Mexico are undiagnosed and consequently did not report it (International Diabetes Federation,

2013). Further, the sample in the survey at hand is restricted to people between the age of 15 to 64, which

does not match exactly with the population the IDF used for the diabetes prevalence estimates (20 – 79).

Hence, our used sample includes a greater share of young people with a very low diabetes prevalence and

excludes people above 64 years of age, which likely have a higher than average prevalence rate. Taken

together, this — as well as a further increase in prevalence since 2005 — should explain the difference

between the diabetes prevalence in our sample and the one estimated by the IDF.
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the data at hand — distinguish between the different types of diabetes. It can be assumed,
however, that about 90 percent of the reported diagnoses are due to type 2 diabetes, which
is by far the most common type of diabetes (Sicree et al., 2011). The sub-sample used
for analysis is limited to the age group of 15 to 64 years, which represents the majority of
the working population. To allow for heterogeneity in the coefficients across gender, the
sample has been split to estimate the male and female groups separately.

The descriptive statistics presented in Table I suggest that the groups of respondents with
and without diabetes differ significantly in various aspects. Both males and females with
diabetes have a lower employment rate than their counterparts. This would suggest that
diabetes has a negative impact on the employment chances of both males and females with
diabetes. However, since the groups with diabetes are also significantly older and differ in
terms of education, this may be a spurious relationship. As a result, only a multivariate
analysis will provide more reliable information on how diabetes truly affects employment
probabilities.

3.2 Econometric specification

We first estimate a probit model with the following specification

Employedi = β0 + β1Diabetesi + β2Xi + ui (1)

where diabetes is assumed to be exogenous. Employedi takes the value of 1 if person
i is employed and 0 if unemployed. Employment status is defined as having worked or
carried out an activity that helped with the household expenses for at least ten hours
over the last week. Diabetesi denotes the main independent variable of interest, taking
the value of 1 if individual i has reported a diagnosis of diabetes and 0 otherwise. Xi

contains various control variables. Dummy variables for age intervals are included to
account for work experience as well as other effects of age on employment. Education
is captured by dummy variables indicating if the highest level of schooling attained was
either primary school, secondary school, high school, university or some other form of
higher education with no education serving as the reference category, to control for the
impact of education on employment and to account for the relationship between diabetes
and education (Agardh et al., 2011). Since Mexico is a large and diverse country with
regional socioeconomic differences as well as very poor rural and very developed urban
areas, we also include regional dummies for five different Mexican regions4 and three
dummy variables to capture the effects of living in a rural or urban environment5, with
rural as the reference category. Further, to control for labour market discrimination against
and possible differences in genetic susceptibility to diabetes of indigenous populations (Yu

4The region variables have been constructed after recommendations on the MxFLS-Homepage. South-
southeastern Mexico: Oaxaca, Veracruz, Yucatan; Central Mexico: Federal District of Mexico, State of
Mexico, Morelos, Puebla; Central northeast Mexico: Coahuila, Durango, Nuevo Leon; Central western
Mexico: Guanajuato, Jalisco, Michoacan; Northwest Mexico: Baja California Sur, Sinaloa, Sonora.

5Rural: < 2,500 inhabitants; Small city: 2,500 to 15,000 inhabitants; City: 15,000 to 100,000 inhabi-
tants; Big city: > 100,000 inhabitants.
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Table I: Summary statistics for males and females with and without diabetes

Males Females

Mean Mean p-value Mean Mean p-value
Diabetes No diabetes (t-test) Diabetes No diabetes (t-test)

Employed 0.702 0.803 0.000 0.230 0.312 0.000
Age 50.429 35.572 0.000 49.612 35.214 0.000
Age 15–24 0.010 0.274 0.000 0.030 0.267 0.000
Age 25–34 0.045 0.235 0.000 0.067 0.249 0.000
Age 35–44 0.180 0.205 0.301 0.171 0.225 0.004
Age 45–54 0.388 0.169 0.000 0.365 0.163 0.000
Age 55–64 0.377 0.117 0.000 0.367 0.095 0.000
Rural 0.336 0.404 0.021 0.375 0.404 0.182
Small city 0.090 0.127 0.064 0.148 0.121 0.062
City 0.156 0.103 0.004 0.106 0.100 0.625
Big city 0.419 0.366 0.071 0.371 0.375 0.831
Southsoutheast 0.211 0.200 0.659 0.196 0.203 0.703
Central 0.232 0.180 0.025 0.213 0.189 0.176
Westcentral 0.163 0.215 0.034 0.200 0.215 0.395
Northeastcentral 0.208 0.181 0.260 0.213 0.188 0.160
Northwest 0.187 0.224 0.142 0.179 0.205 0.151
No education 0.097 0.068 0.055 0.163 0.086 0.000
Primary 0.516 0.362 0.000 0.614 0.380 0.000
Secondary 0.242 0.303 0.027 0.160 0.308 0.000
Highschool 0.048 0.152 0.000 0.038 0.133 0.000
College or university 0.097 0.115 0.350 0.025 0.093 0.000
Indigenous 0.125 0.120 0.821 0.129 0.117 0.414
Married 0.789 0.540 0.000 0.656 0.538 0.000
Children (under 15) 1.104 1.482 0.000 1.165 1.586 0.000
Wealth 8.003 7.420 0.004 7.060 7.267 0.176
Diabetes 1.000 0.000 . 1.000 0.000 .
Diabetes father 0.170 0.064 0.000 0.127 0.073 0.000
Diabetes mother 0.235 0.099 0.000 0.217 0.104 0.000
Education parents 0.598 0.692 0.001 0.514 0.693 0.000
BMI 28.419 26.401 0.000 29.670 27.502 0.000

N 289 6850 526 8821

Observations reduced for BMI (diabetes (m): 248, no diabetes (m): 5646, diabetes (f): 427,

no diabetes (f): 7831) and parental education (diabetes (m): 256, no diabetes (m): 6100,

diabetes (f): 455, no diabetes (f): 7901).

and Zinman, 2007), a dummy for being a member of an indigenous group is included. We
also include: a marital status dummy to control for the impact of marriage on employment
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chances; a household wealth indicator6 to proxy the effects of the socioeconomic status
on employment and a variable capturing the number of children residing in the household
below the age of 15, to control for their impact on employment chances and for the effect
of childbearing and related gestational diabetes on the probabilities of developing type
2 diabetes (Bellamy et al., 2009). The error term is denoted as ui. We do not control
for the general health status and other diabetes related chronic diseases as they are likely
determined by diabetes itself and, hence, could bias the estimates and compromise a causal
interpretation of the effect of diabetes on employment (Angrist and Pischke, 2008).

As diabetes could be endogenous the probit model might deliver biased estimates. There-
fore we employ an IV strategy, using a bivariate probit model to estimate the following
two equations simultaneously:

Diabetesi = δ0 + δ1Xi + δ2diabetesmotheri + δ3diabetesfatheri + ηi; (2)

Employedi = β0 + β1Diabetesi + β2Xi + ui. (3)

In equation 2, Diabetesi is a dummy variable and is modelled as a function of the same so-
cioeconomic and demographic factors Xi as in equation 1 and of the instrumental dummy
variables diabetesmotheri and diabetesfatheri, indicating if the father or the mother had
been diagnosed with diabetes. The error term is denoted as ηi. Equation 3 is identical to
the probit specification (equation 1) and estimates the effect of diabetes on employment,
now taking into account the possible endogeneity of diabetes. Diabetes is exogenous if
the error terms of both equations are independent of each other (Cov(uiηi) = 0). If ui

and ηi are correlated, the estimation of equation 1 using a probit model will not provide
consistent estimates of the impact of diabetes on employment. In this case the simulta-
neous estimation of both equations using the bivariate probit should be preferred. For
the estimation of the bivariate probit model it is assumed that ui and ηi are distributed
randomly and bivariate normal. To test the assumption of normality, we use Murphey’s
goodness-of-fit score test as suggested by Chiburis et al. (2012).7

We choose the bivariate probit model over the linear IV model to account for endogeneity,
as there is evidence that it performs better if the sample is relatively small (<5,000) and
— more important in our case — when treatment probabilities are low. In such cases
the linear IV can produce uninformative estimates while the bivariate probit model has
been shown to provide much more reasonable results (Chiburis et al., 2012). Because only
3.7 percent of males and 5.1 percent of females report a diagnosis of diabetes, treatment

6To proxy for household wealth we constructed a simple measure based on a list of household assets,
close to the approach used by Morris et al. (2000). It consists of owning a vehicle, owning a house or
other real estate, owning another house, owning a washing machine, dryer, stove, refrigerator or furniture,
owning any electric appliances, owning any domestic appliances, and if the household owns a bicycle. Each
indicator for an asset was multiplied by its respective weight determined by the proportion of households
in the survey that reported to possess the item, and then summed up for each household. Thus, items
that were possessed relatively rarely (e.g. an additional house or a car) received more weight than more
common items.

7Murphey’s score test ”. . . embeds the bivariate normal distribution within a larger family of distribu-
tions by adding more parameters to the model and checks whether the additional parameters are all zeros
using the score for the additional parameters at the bivariate probit estimate.” (Chiburis et al., 2012, p.
19).
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probabilities are indeed low in the given case, providing good justification for the use of
the bivariate probit model.

In order to fulfil the conditions of a valid instrument, parental diabetes needs to impact
the diabetes risk of the offspring while at the same time being unrelated to the offspring’s
employment chances. It has been shown that there is a strong hereditary component of
type 2 diabetes which predisposes the offspring of people with diabetes to develop the
condition as well (Herder and Roden, 2011; The Interact Consortium, 2013). This is
supported by the notion that genes seem to play a crucial role in explaining Mexico’s high
diabetes prevalence according to a recent study by Williams et al. (2014). The authors
identified a specific gene particularly prevalent in Mexican and other Latin American
populations with native American ancestry, which is associated with a 20 percent increase
in the risk of developing type 2 diabetes. Furthermore, research has shown that parental
lifestyle factors, socioeconomic background as well as parental body mass index (BMI) can
explain but a very small fraction of the increased risk of type 2 diabetes in the offspring,
which is why we assume that the increased risk is mainly due to genetic factors unrelated
to lifestyle (Herder and Roden, 2011; The Interact Consortium, 2013). This is supported
by Hemminki et al. (2010), who find that adoptees whose biological parents had type
2 diabetes, had an increased risk of developing type 2 diabetes even though they were
living in a different household, while if their adopted parents had the disease, they had no
elevated risk.

Nonetheless, there might still be the chance that parental diabetes decreases the offspring’s
employment chances. The additional financial burden of diabetes or an early death due to
diabetes could have prevented the parents from investing in their children’s education the
way they would have liked to or could have led to the child dropping out of school in order
to support the family. However, controlling for education — and hence, human capital —
should account for these effects if they exist. Therefore parental diabetes should be a valid
instrument which predicts diabetes while not affecting employment probabilities through
other unobserved pathways. To further improve instrument validity we also specify models
accounting for the possibility that parental education simultaneously affects the parental
diabetes status as well as their children’s employment chances, by including a dummy
variable indicating if any of the parents had attained more than primary education. A
possible limitation of our instrument is that parental diabetes might directly affect the
offspring’s employment decision through other pathways than education. Conceivably,
diabetes might deteriorate parental health in such a way that the offspring has to give
up its own employment in order to care for its parents or is forced to take up work to
financially provide for the parents. With the data at hand we are unable to account for
this, but if this effect exists it should be picked up by the overidentification test.

We also estimate the linear probability model (LPM) and the linear IV model as they are
consistent even under non-normality (Angrist and Pischke, 2008). In the linear IV model
the Hausman test is used to identify endogeneity. Validity of the instruments is tested
using first stage diagnostics of the linear IV model, as similar tests are not available for
the bivariate probit model.
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4 Results

This section presents the estimation results using 1) a probit model model that assumes
diabetes to be exogenous and 2) IV models with parental diabetes as an instrument for
diabetes, to determine if diabetes is endogenous or if instead the results from the probit
model can be used. We will further investigate if the inclusion of parental education has
an effect on our IV estimates.

4.1 Probit results

Table II indicates that the effect of diabetes is negative for both sexes. For males, it
reduces the probability of being employed by almost 10 percent (p<0.01). For females,

Table II: Impact of diabetes on employment probabilities (probit)

(1) (2)
Males Females

Age 25–34 .135∗∗∗ (.014) .127∗∗∗ (.015)
Age 35–44 .140∗∗∗ (.016) .223∗∗∗ (.015)
Age 45–54 .087∗∗∗ (.017) .166∗∗∗ (.017)
Age 55–64 −.018 (.019) .055∗∗ (.022)
Small city −.008 (.016) .054∗∗∗ (.017)
City −.023 (.017) .082∗∗∗ (.019)
Big city .035∗∗∗ (.012) .132∗∗∗ (.012)
Central .018 (.016) −.032∗ (.017)
Westcentral .013 (.016) .005 (.016)
Northeastcentral −.003 (.016) −.058∗∗∗ (.017)
Northwestcentral −.043∗∗∗ (.016) −.089∗∗∗ (.017)
Primary .059∗∗∗ (.019) .018 (.019)
Secondary .061∗∗∗ (.021) .089∗∗∗ (.022)
Highschool .045∗ (.024) .152∗∗∗ (.024)
College or university .054∗∗ (.024) .303∗∗∗ (.025)
Indigenous .006 (.016) −.016 (.018)
Married .083∗∗∗ (.011) −.231∗∗∗ (.011)
Children (under 15) .010∗∗∗ (.004) −.016∗∗∗ (.004)
Wealth .005∗∗∗ (.002) .004∗∗ (.002)
Diabetes −.099∗∗∗ (.023) −.042∗ (.023)

Log likelihood −3332.558 −5119.809
N 7139 9347

Marginal effects; Robust standard errors in parentheses.

Reference categories for age groups, size of town, regions and education are

Age 15–24, Rural, South Mexico and No education, respectively.

* p < 0.1, ** p < 0.05, *** p < 0.01
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the effect is also negative but smaller, and shows a reduction in employment probabilities
of about 4.2 percent (p<0.1).

The other covariates largely show the expected relationships. Employability increases
with age and is highest for the 35–44 years age group. Especially for women, living in
a more urban environment increases employment chances compared to women living in
rural areas. Also, women seem to benefit substantially from higher education in terms of
employment chances. For men the effects of education are also positive, though, not as
marked as for women. Perhaps surprisingly, being part of an indigenous population does
not affect employment probabilities, neither for males or females.

Due to the possibility of non-normally distributed errors and therefore biased estimates of
the probit model, we additionally estimate the LPM. The results do, however, not change
materially (see Table AI in the appendix).

Both the probit and the LPM results suggest a significant negative effect of diabetes on
the employment probabilities of males and likely also females in Mexico. In light of the
concern that diabetes could be endogenous the following section presents the results of
the IV estimations.

4.2 IV results

Using the bivariate probit model, the coefficient for males decreases somewhat but remains
negative while for females it now is very close to zero. However, standard errors increase
in both models and the results turn insignificant (see Table III). The likelihood-ratio test
does not reject the null hypothesis of no correlation between the disturbance terms of
equations 2 and 3 for males and females, suggesting exogeneity of diabetes. The test for
normality of the error term does not reject normality for the male and the female model,
increasing our confidence in the estimates. Nonetheless we consider the results of the linear
IV model: the test statistics indicate sufficiently strong and valid instruments, as shown by
the F statistic and Hansen J statistic for overidentification, respectively. The coefficients
of the linear IV model are very different from the bivariate probit model, turning positive
for males and females, but also very imprecise as indicated by the large standard errors
(see Table IV). As mentioned before, Chiburis et al. (2012) show that the estimates of
the linear IV model are likely to be imprecise when low treatment probabilities exist and
can differ substantially from the bivariate probit model, which seems to be the case here.8

Since the linear IV models fail to reject exogeneity of diabetes as well, we are confident
that the probit model provides unbiased and efficient estimates of the effect of diabetes
on employment chances in Mexico and should therefore be used for inference.

8It could also be the case that the difference in estimates is due to the fact that while the bivariate
probit model estimates the average treatment effect (ATE) of the variable of interest for the whole sample,
the linear IV model estimates the local average treatment effect (LATE), which estimates the effect of
diabetes on employment only for those that have diabetes and whose parents have or have had diabetes
as well. Therefore, the estimates of both models can be different (Angrist and Pischke, 2008; Chiburis
et al., 2012). We also estimated the average treatment effect on the treated for the bivariate probit model,
which in our case was not very different from the ATE.
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Table III: Impact of diabetes on employment probabilities (bivariate probit)

(1) (2)
Males Females

Age 25–34 .136∗∗∗ (.013) .118∗∗∗ (.013)
Age 35–44 .144∗∗∗ (.015) .202∗∗∗ (.015)
Age 45–54 .091∗∗∗ (.018) .154∗∗∗ (.019)
Age 55–64 −.021 (.021) .041 (.026)
Small city −.005 (.017) .050∗∗∗ (.016)
City −.029∗ (.017) .068∗∗∗ (.019)
Big city .035∗∗∗ (.012) .122∗∗∗ (.010)
Central .021 (.015) −.030∗ (.016)
Westcentral .018 (.015) .006 (.014)
Northeastcentral .000 (.014) −.049∗∗∗ (.016)
Northwestcentral −.043∗∗∗ (.014) −.082∗∗∗ (.015)
Primary .050∗∗ (.021) .016 (.019)
Secondary .052∗∗ (.022) .077∗∗∗ (.022)
Highschool .034 (.024) .137∗∗∗ (.022)
College or university .042∗ (.025) .277∗∗∗ (.025)
Indigenous .008 (.017) −.020 (.017)
Married .085∗∗∗ (.011) −.210∗∗∗ (.009)
Children (under 15) .010∗∗∗ (.004) −.015∗∗∗ (.003)
Wealth .004∗∗∗ (.002) .003∗∗ (.002)
Diabetes −.087 (.098) .002 (.113)

Log likelihood −4084.855 −6515.756
Score goodness-
of-fit (p value) .361 .334
Endogeneity .015 .138

p value .903 .710
N 6859 8978

Marginal effects; Robust standard errors in parentheses.

Reference categories for age groups, size of town, regions and education are

Age 15–24, Rural, South Mexico and No education, respectively.

* p < 0.1, ** p < 0.05, *** p < 0.01

The next section investigates the effects of diabetes for two different age groups, 15–44
and 45–64, as the majority of people with a diagnosis of diabetes is from the older age
group. As the above results uniformly indicate exogeneity of diabetes only probit models
are estimated.
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Table IV: Impact of diabetes on employment probabilities (linear IV)

(1) (2)
Males Females

diabetes .108 (.211) .195 (.202)

R2 .060 .125
F statistic 22.564 29.835
Hansen J stat .490 .610

p value .484 .435
Endogeneity 1.189 1.280

p value .276 .258
N 6859 8978

Robust standard errors in parentheses.

Intruments: diabetes of mother, diabetes of father

Models include covariates as explained in section 3.2.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

4.3 Differences by age groups

When divided into an older and younger age group the negative effect of diabetes is mainly
found in the older age group, for males and females alike (see Table V). The probability
of being employed is reduced by 11 percent for men between 45 and 64 years at the one
percent significance level, while there is no significant effect on younger men. For women,
the employment probability is reduced by about 6 percent, with the effect being significant
at the five percent significance level. Similar to men, there is no effect of diabetes on
younger women. The LPMs show similar results (see Table AII in the appendix).

4.4 Differences by wealth

To explore the heterogeneity of the effect of diabetes on employment across different levels
of wealth, we divide the sample into two wealth groups at the 50th percentile of our wealth
indicator. We run separate regressions for both groups stratified by gender, finding the
strongest negative effect for less wealthy males, where employment chances are reduced by
12 percent, and no effect for less wealthy females (see Table VI). Wealthier individuals are
less affected by diabetes than less wealthy males, nonetheless still reducing employment
chances by 8 percent. For wealthier females, we find a reduction of about 6 percent, though
only at the ten percent significance level. The LPMs again show similar results (see Table
AIII in the appendix).
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Table V: Impact of diabetes on employment probabilities by age group (probit)

15-44 45-64

(1) (2) (3) (4)
Males Females Males Females

diabetes −.066 -.003 −.111∗∗∗ -.053∗∗

(.045) (.042) (.028) (.025)

Log likelihood −2217.548 -3718.561 −1091.951 -1382.580
N 4958 6682 2181 2665

Marginal effects; Robust standard errors in parentheses.

Models include covariates as explained in section 3.2.

* p < 0.1, ** p < 0.05, *** p < 0.01

Table VI: Impact of diabetes on employment probabilities by wealth group (probit)

Poor Rich

(1) (2) (3) (4)
Males Females Males Females

diabetes −.123∗∗∗ -.027 −.082∗∗∗ -.065∗

(.034) (.029) (.028) (.036)

Log likelihood −1824.446 -2827.638 −1495.388 -2275.615
N 3806 5269 3333 4078

Marginal effects; Robust standard errors in parentheses.

Models include covariates as explained in section 3.2.

* p < 0.1, ** p < 0.05, *** p < 0.01

4.5 Robustness checks

We further estimate the IV models including parental education as a control variable by
using a dummy indicating if at least one of the parents has received more than primary
education. As explained above, there could be the risk that the used instruments are
not valid if they are correlated with an omitted variable such as parental education. The
regression results, however, do not provide evidence for this hypothesis as we do not observe
important changes in the qualitative interpretation compared to the models excluding
parental education (see Tables CI and CII in the appendix) .

In order to account for the possibility of BMI simultaneously affecting employment chances
— due to discrimination or health effects — as well as the probability of developing
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diabetes, we estimate a model including BMI as one of the control variables (see Table CIII
in the appendix). We find a higher BMI to be positively associated with male employment
chances, possibly reflecting a form of reverse causality due to changes in lifestyle, stress or
activity resulting from employment and higher income (Dinsa et al., 2012). For females, we
find a small negative, but statistically insignificant relationship. Furthermore, only slight
changes are observed in the diabetes coefficients, particularly for males. While for males
diabetes remains highly significant, this is not the case for females. Because the sample is
reduced by about 1000 observations for each gender due to missing BMI measurements,
we test if the observed changes are due to the inclusion of BMI as an additional control
or due to the reduction in sample size. The results show that the changes appear in the
reduced sample regardless of the inclusion of BMI, indicating that BMI does not affect
the diabetes coefficient itself.9 We therefore decided to exclude BMI from our preferred
model.10

5 Conclusion

The contribution of this paper has been to analyse — for the first time for a LMIC — the
impact of diabetes on employment in Mexico, taking into account the potential endogeneity
in the relationship between diabetes and employment chances. The presented results add
to the growing literature on the adverse economic effects of diabetes. They indicate that
having diabetes substantially reduces the chances to work for men and likely also for
women. Hence, diabetes may contribute to a reduction in the pool of the productive
workforce available to the Mexican economy.

We also show that diabetes reduces employment chances particularly in older people, likely
because in this age group people are more common to already have developed diabetes-
related complications which limit their productivity and eventually force them into un-
employment. Further, for men the effects of diabetes on employment chances seem to be
particularly strong when they belong to the poorer half of the population. While there
might be some self-selection into the poorer group by those who lost their job due to
diabetes and as a result descended into the lower wealth group, this finding is indicative
of potentially substantial adverse equity impacts.

In contrast to parts of the earlier literature diabetes was not found to be endogenous
neither for males or females — independently of the inclusion of parental education —
allowing the use of the more efficient probit model to arrive at a consistent estimate of
the effect of diabetes on employment chances. Taking our results for the older age group
and comparing them to those of Brown et al. (2005) for the US, whose sample of Mexican
Americans 45 years and older might be the best suited for a meaningful comparison,
our findings indicate a stronger negative impact of diabetes on males and particularly

9Results available on request.
10We also estimated the models replacing BMI by a dummy variable for people with a BMI equal to or

larger than 25 and smaller than 30 and a dummy variable for those with a BMI equal to or larger than
30. The inclusion of these dummies did not materially affect the results. The results of these estimations
are also available on request.
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females residing in Mexico.11 This finding lends some support to our hypothesis that the
adverse impact of diabetes on employment could be stronger in LMICs than in high-income
countries.

A limitation of this study is the use of cross-sectional data, which does not allow for the
use of fixed effects and hence for the control of unobserved time-invariant heterogeneity.
Data spanning a longer time period of 10 to 15 years would be required to be able to
observe changes in the diabetes and employment status which would allow the use of fixed
effects. A further limitation is the somewhat old data from 2005 and the fact that the
data only provided self-reported information on diabetes. The latter might have caused
some attenuation bias in our estimated parameters, making them rather conservative
(Lewbel, 2007). We nonetheless deliberately chose this particular data as it provided us
with a sensible instrument in parental diabetes as well as an array of other socioeconomic
information which — as far as we have been able to ascertain — is not provided by any
other dataset in LMICs.

Looking ahead, it would evidently be worthwhile to investigate the effects of diabetes
on employment in Mexico using more recent data. In light of the recently completed
implementation of the public health insurance scheme called Seguro Popular — which
increased its coverage from about 10 million people in 2005 to over 50 million in 2012
and now provides almost all previously uninsured Mexicans with access to healthcare
(Knaul et al., 2012) — the results of this paper might be used as a baseline to judge
its success in reducing the adverse effects of diabetes on employment. In addition, the
reasons for the differences between males and females in the estimated effects remain a
matter of speculation and more research is needed to explore the underlying pathways.
This information would be valuable in the design of more effective measures to reduce the
negative effects of diabetes for both males and females.

In conclusion, this paper shows that diabetes represents a large burden for people in Mexico
and likely in other LMICs, not only due to the associated disease and medical cost burden
but also because of its effect on employment chances. This is particularly a problem for
the poor who are more adversely affected by diabetes than the more affluent. Accordingly,
for a country like Mexico, which continues to be characterized by high poverty rates, the
diabetes epidemic may impose an even larger economic and social burden than in high-
income countries. To alleviate some of these negative effects of diabetes Seguro Popular
may provide an opportunity to further improve the prevention and treatment of diabetes
in the poor, especially if the health system adapts to the challenges presented by chronic
diseases (Samb et al., 2010). Evidence of possible cost-effective interventions for secondary
prevention in the context of Seguro Popular already exists (Salomon et al., 2012). There
remains, however, an evidence gap on cost-effective strategies for the primary prevention
of diabetes.

11This is based on comparing our estimates to the appropriate models in Brown et al. (2005) based on
their test for endogeneity, which indicates the use of the bivariate probit results for women and the probit
results for men.
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Appendix

A Linear probability models

Table AI: Impact of diabetes on employment probabilities (linear probability model)

(1) (2)
Males Females

Age 25–34 .145∗∗∗ (.014) .122∗∗∗ (.013)
Age 35–44 .146∗∗∗ (.015) .212∗∗∗ (.014)
Age 45–54 .104∗∗∗ (.017) .155∗∗∗ (.016)
Age 55–64 −.014 (.021) .060∗∗∗ (.018)
Small city −.008 (.017) .047∗∗∗ (.016)
City −.024 (.018) .069∗∗∗ (.017)
Big city .034∗∗∗ (.012) .120∗∗∗ (.011)
Central .018 (.016) −.030∗ (.016)
Westcentral .013 (.016) .006 (.016)
Northeastcentral −.002 (.016) −.050∗∗∗ (.016)
Northwestcentral −.043∗∗∗ (.017) −.080∗∗∗ (.016)
Primary .066∗∗∗ (.022) .014 (.016)
Secondary .068∗∗∗ (.024) .079∗∗∗ (.018)
Highschool .049∗ (.026) .144∗∗∗ (.021)
College or university .061∗∗ (.026) .312∗∗∗ (.024)
Indigenous .009 (.016) −.015 (.015)
Married .081∗∗∗ (.011) −.217∗∗∗ (.010)
Children (under 15) .010∗∗∗ (.004) −.015∗∗∗ (.003)
Wealth .005∗∗∗ (.002) .003∗∗ (.001)
Diabetes −.111∗∗∗ (.027) −.034∗ (.019)
Constant .564∗∗∗ (.030) .216∗∗∗ (.024)

R2 .065 .133
N 7139 9347

Robust standard errors in parentheses.

Reference categories for age groups, size of town, regions and education are

Age 15–24, Rural, South Mexico and No education, respectively.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table AII: Impact of diabetes on employment probabilities by age group (linear probability
model)

15-44 45-64

(1) (2) (3) (4)
Males Females Males Females

Diabetes −.060 (.045) −.004 (.037) −.124∗∗∗ (.033) −.048∗∗ (.022)

R2 .077 .138 .049 .115
N 4958 6682 2181 2665

Robust standard errors in parentheses.

Models include covariates as explained in section 3.2.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table AIII: Impact of diabetes on employment probabilities by wealth group (linear prob-
ability model)

Poor Rich

(1) (2) (3) (4)
Males Females Males Females

Diabetes −.142∗∗∗ (.042) −.023 (.025) −.088∗∗ (.035) −.053∗ (.028)

R2 .067 .129 .064 .138
N 3806 5269 3333 4078

Robust standard errors in parentheses.

Models include covariates as explained in section 3.2.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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B Linear IV estimates (1st and 2nd stage)

Table BI: Impact of diabetes on employment probabilities (linear IV, 1st and 2nd stage)

Males Females

(1) (2) (3) (4)
Diabetes Employed Diabetes Employed

Age 25–34 −.003 (.004) .146∗∗∗ (.016) −.003 (.005) .123∗∗∗ (.014)
Age 35–44 .031∗∗∗ (.009) .145∗∗∗ (.018) .023∗∗∗ (.008) .205∗∗∗ (.015)
Age 45–54 .086∗∗∗ (.012) .093∗∗∗ (.025) .097∗∗∗ (.013) .139∗∗∗ (.026)
Age 55–64 .113∗∗∗ (.017) −.040 (.033) .191∗∗∗ (.021) .018 (.040)
Small city −.004 (.009) −.003 (.018) .012 (.012) .044∗∗∗ (.016)
City .015 (.013) −.036∗ (.020) .001 (.012) .061∗∗∗ (.018)
Big city .015∗ (.008) .029∗∗ (.012) .000 (.008) .121∗∗∗ (.011)
Central .016 (.011) .019 (.017) −.001 (.011) −.033∗ (.018)
Westcentral −.003 (.009) .019 (.016) −.007 (.011) .007 (.016)
Northeastcentral .015 (.012) .002 (.017) −.008 (.012) −.049∗∗∗ (.017)
Northwestcentral −.004 (.009) −.041∗∗ (.018) .002 (.011) −.081∗∗∗ (.017)
Primary .010 (.018) .052∗∗ (.025) .017 (.017) .009 (.017)
Secondary .007 (.018) .052∗ (.027) −.003 (.018) .075∗∗∗ (.019)
Highschool −.009 (.018) .036 (.029) −.014 (.018) .144∗∗∗ (.024)
College or university −.017 (.020) .047∗ (.028) −.024 (.019) .318∗∗∗ (.026)
Indigenous .004 (.010) .011 (.016) −.003 (.011) −.021 (.017)
Married −.002 (.008) .081∗∗∗ (.011) .003 (.007) −.218∗∗∗ (.010)
Children (under 15) −.005∗∗ (.002) .010∗∗ (.004) .001 (.002) −.015∗∗∗ (.003)
Wealth .002∗ (.001) .004∗∗ (.002) .001 (.001) .003∗ (.002)
Diabetes father .047∗∗∗ (.016) .039∗∗ (.016)
Diabetes mother .065∗∗∗ (.015) .066∗∗∗ (.015)
Diabetes .108 (.211) .195 (.202)
Constant −.026 (.018) .584∗∗∗ (.034) −.001 (.020) .222∗∗∗ (.026)

R2 .076 .060 .089 .125
F statistic 22.564 29.835
Hansen J stat .000 .490 .000 .610

p value .484 .435
Endogeneity 1.189 1.280

p value .276 .258
N 6909 6859 8948 8978

Robust standard errors in parentheses.

Reference categories for age groups, size of town, regions and education are

Age 15–24, Rural, South Mexico and No education, respectively.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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C Robustness checks

Table CI: Impact of diabetes on employment probabilities including parental education
(bivariate probit)

(1) (2)
Males Females

Parental education −.009 (.014) .007 (.012)
Diabetes −.126 (.113) .005 (.112)

Log likelihood −3718.237 −5942.135
Score goodness-
of-fit (p value) .302 .390
Endogeneity .104 .182

p value .747 .669
N 6269 8237

Marginal effects; Robust standard errors in parentheses.

Models include covariates as explained in section 3.2.

* p < 0.1, ** p < 0.05, *** p < 0.01
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Table CII: Impact of diabetes on employment probabilities including parental education
(linear IV, 2nd stage)

(1) (2)
Males Females

Parental education −.013 (.014) .005 (.012)
Diabetes .093 (.237) .264 (.207)

R2 .069 .116
F statistic 19.553 27.891
Hansen J stat .390 .245

p value .532 .620
Endogeneity .794 2.100

p value .373 .147
N 6269 8237

Robust standard errors in parentheses.

Models include covariates as explained in section 3.2.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table CIII: Impact of diabetes on employment probabilities including BMI (probit)

(1) (2)
Males Females

BMI .005∗∗∗ (.001) −.001 (.001)
Diabetes −.097∗∗∗ (.024) −.025 (.022)

Log likelihood −2704.693 −4495.739
N 5894 8303

Marginal effects; Robust standard errors in parentheses.

Models include covariates as explained in section 3.2 as well as BMI.

* p < 0.1, ** p < 0.05, *** p < 0.01
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