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This dissertation consists of two lines of research. The first line focuses on decision

making under uncertainty. Specifically, I analyze the nature of risk preferences

in life-insurance choices, and I examine adverse selection and moral hazard in

private-healthcare markets in a context where the government provides universal

healthcare. The second line focuses on the political economy of institutions, and I

study the impact of a multinational company on the economic development of its

host country during and after its tenure.

In Chapter 1, I estimate a structural model of risk preferences from the choice

of insured amount in life-insurance contracts. The literature investigating life-

insurance purchases has mostly focused on survey data to estimate how demand

for insurance depends on demographic and socioeconomic factors, leaving aside

the task of estimating an underlying model of decision making that generates this

demand. Using proprietary data on life-insurance choices, I estimate a model of

risky choice to explain households’ decisions. My results indicate that, in addition

to standard risk aversion (decreasing marginal utility for wealth), including decision

weights that might differ from the actual probabilities improves the fit of the model.

These weights can be interpreted as a combination of state-dependent utility and

probability distortions. Moreover, I find support for the existence of heterogeneity

in preferences. Women are more risk averse than men, and the decision weights

vary depending on gender and age.



In Chapter 2, we investigate adverse selection and moral hazard in private

healthcare in markets where the government provides universal healthcare. We

use proprietary data on health-insurance choices and medical expenditures to ex-

amine asymmetric information in this institutional setting. We disentangle adverse

selection and moral hazard by leveraging variation in copays and deductibles im-

plemented by the insurance company, and the fact that, for a sample of customers,

the insured amount was exogenously assigned, shutting down the adverse selection

channel. We find evidence for the presence of asymmetric information, both in the

form of adverse selection and moral hazard. Moreover, we develop a model that

incorporates sources of heterogeneity that could potentially explain selection in

this institutional setting, namely risk aversion, risk type, concern for health, and

taste for convenience services offered in the private healthcare sector.

In Chapter 3, we analyze the impact of large-scale FDI on economic develop-

ment by studying the case of the United Fruit Company (UFCo) in Costa Rica

from 1889 to 1984. We implement a geographic regression discontinuity design

that exploits a quasi-random assignment of land, and census data geo-referenced

at the census-block level for 1973, 1984, 2000 and 2011. These allow us to identify

the company’s effect during its tenure, and after it stopped production. We find

that former “UFCo lands” have had higher living standards and better economic

outcomes than counterfactual areas without the company’s presence, and that con-

vergence is slow. These findings are validated using nighttime lights data. Detailed

historical data suggest that the mechanisms behind our results are investments in

physical and human capital carried out by the UFCo.
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CHAPTER 1

RISK PREFERENCES IN LIFE-INSURANCE DECISIONS

1.1 Introduction

Most choices in life are made without fully knowing their outcomes, and, con-

sequently, the analysis of risk preferences has played an important role in nu-

merous studies in economics. Some of these studies have restricted attention to

life-insurance purchases. In this context, the usual approach is to evaluate how

demand for life insurance depends on demographic and socioeconomic variables.

An area that remains relatively unexplored is to estimate an underlying preference

model that generates this demand.

In this study, I estimate a structural model of risk preferences from the choice

of insured amount in life-insurance contracts. In addition to standard risk aversion

(diminishing marginal utility for wealth), the model allows for weights on all states

that might differ from the actual probabilities. These weights can be interpreted

as a combination of probability weighting and state-dependent utility. For the

estimation, I use data from an insurance company that operates in Costa Rica.

The core sample includes 3,164 households that bought insurance against death,

incapacity, and serious disease (i.e., cancer, stroke, renal insufficiency or myocardial

infarction) between 2010 and 2015. Households chose an insured amount, where

they receive that amount in case of death or incapacity and half of that amount

in case of a serious disease.

My results indicate that, in addition to standard risk aversion (as in the

expected-utility model), including decision weights that might differ from the ac-
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tual probabilities improves the fit of the model. The decision weights suggest that

the adverse event changes the marginal utility of consumption, or that people dis-

tort the actual probability of the adverse event. In particular, the marginal utility

of consumption increases as a consequence of death or incapacity, and decrease fol-

lowing a serious disease. Alternatively, the results can be interpreted as individuals

overweighting the probability of death and incapacity relative to the probability

of serious disease. Moreover, I find support for the existence of heterogeneity in

preferences. Women are more risk averse than men, and the decision weights vary

across gender and age categories. The main message is robust to sensitivity checks,

such as alternative assumptions on the utility function or the relevant wealth.

These results contribute to a strand of literature addressing life-insurance

choices, and more broadly to research on the estimation of risk preferences us-

ing field data. To the best of my knowledge, this study is the first that estimates

the nature of risk preferences using data on life-insurance choices. In the life-

insurance literature, most empirical studies rely on household income or consumer-

expenditure surveys. In my case, I have actual individual-level market data that

reflects agents’ life-insurance decisions given the available choice set. Moreover,

most studies in the life-insurance context are concerned with how macroeconomic,

demographic, and socioeconomic variables matter for the purchasing behavior. For

example, with few exceptions, the studies have found that variables such as income,

employment rates, education level, family size, and net worth are positively related

to life-insurance demand. Overall, the literature, as well as the number of variables

considered, are extensive. Zietz (2003), Liebenberg et al. (2012), Outreville (2013),

and Outreville (2014) review these papers and their main results. Different from

this line of research, I explicitly estimate the structure of preferences that explain

the households’ choices. In this sense, my study is close to Halek and Eisenhauer
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(2001). They estimate the relative-risk-aversion parameter for 2,376 households

using survey data on life-insurance purchases and analyze how this measurement

changes across demographic groups. However, unlike their analysis, I allow for

non-expected-utility models and the possibility of state-dependent preferences.

The estimation of the structure of risk preferences using field data has been a

topic receiving increasing attention in economics. Barseghyan et al. (2018) review

and assess the relevant literature, which includes field contexts such as insurance

(e.g., Cicchetti and Dubin 1994; Cohen and Einav 2007a; Barseghyan et al. 2013),

labor markets (e.g., Chetty 2006), and horse race betting (e.g., Jullien and Salanie

2000; Snowberg and Wolfers 2010). Nevertheless, an important reason to extend

the analysis to the life-insurance context is that, in life insurance, high-stakes

lotteries are involved, unlike other types of insurance already examined in previous

studies, such as inside-wire (Cicchetti and Dubin, 1994) or property insurance

(Cohen and Einav 2007a; Barseghyan et al. 2013).

While the literature that estimates risk preferences using field data has consid-

ered both expected-utility theory and non-expected-utility models, most assume

that the shape of the utility function does not change across states. Although this

state-independence assumption can be justified for some environments, it might

be non-credible in cases where the enjoyment of pecuniary payments depend on

the final state once the uncertainty was resolved. This feature arises in life, health,

or incapacity insurance, and more generally, in lotteries involving the loss of non-

replaceable objects, such as species extinction (Kelsey, 1992).

Despite the variety of possible applications, there has been little empirical work

on state-dependent preferences (Finkelstein et al., 2009). The existing work mainly

focuses on the case of health status and is based on survey responses (e.g., Viscusi
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and Evans 1990; Evans and Viscusi 1991; Sloan et al. 1998) and panel data (e.g.,

Lillard and Weiss 1997; Edwards 2008; Finkelstein et al. 2013). Moreover, except

for Sloan et al. (1998), which allows for overweighting of small probabilities, state-

dependent preferences are modeled within an expected-utility framework omitting

non-expected-utility alternatives. The evidence of state-dependent preferences is

inconclusive; studies have found negative state dependence (e.g., Viscusi and Evans

1990; Sloan et al. 1998; Finkelstein et al. 2013), positive state dependence (e.g.,

Lillard and Weiss 1997; Edwards 2008), and no evidence of state dependence (e.g.,

Evans and Viscusi 1991). By using insurance choices and considering the potential

role of non-expected-utility alternatives, my analysis provides a different explo-

ration to the study of state-dependent preferences. Moreover, by finding evidence

of changes in the marginal utility of consumption due to the adverse event, my

results contribute to a matter that continues unsettled in the literature.

To extend the analysis of risk preferences to the life-insurance context entails

some limitations. First, claim rates show low variation across households. With-

out variability in the probability of an event, it is not possible to distinguish

state-dependent utility from probability distortions. Hence, the estimated weight

associated with each state has an open interpretation. In the analysis, I discuss

both interpretations. A second limitation is that the data do not contain an ex-

plicit loss variable, for example, the monetary loss due to a permanent incapacity.

One way to solve this issue that I implement in the analysis is to estimate the loss

variable directly from the data.

The rest of the document is divided as follows. Section 1.2 describes the in-

surance product and the data. Section 1.3 develops an expected-utility model for

life insurance and introduces further modifications to incorporate state-dependent
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preferences and probability distortions. Moreover, it describes the model’s identi-

fication and estimation. Section 1.4 presents and discusses the results, first under

the assumption of homogeneous preferences, and later extends the model to allow

for observable heterogeneity. Section 1.5 summarizes different robustness checks

that confirm the results. Finally, Section 1.6 concludes the chapter.

1.2 Data

The data come from an insurance company that operates in Costa Rica. The

company sells products that provide coverage in case of death, total and permanent

disability, some types of diseases, medical expenses due to accidents, and funeral

expenses. In this chapter, I restrict attention to a product that offers payment in

three possible events: death, incapacity, and serious disease. The insured amount

is chosen by the customer and can be any quantity between 1 million and 60 million

Costa Rican Colones (CRC).1 In the case of death or incapacity, the beneficiary

would receive the insured amount. Incapacity is the loss or declining of physical

or intellectual abilities as a result of an accident or illness that interferes with

the person’s earning capacity. The definition includes cases like total permanent

paralysis, the anatomical or functional loss of both hands or both feet, total loss

of vision and incurable insanity. To receive the compensation for this coverage the

loss of earning capacity should be higher than 66.67%. Finally, a serious disease

refers to cancer, stroke, renal insufficiency, or myocardial infarction. In this case,

the payment is half of the insured amount.

1For comparison, this means an amount between US$1,871 to US$112,233. Costa Rican GDP
per capita based on purchasing power parity (PPP) was on average 0.27 of that in the United
States during the considered period.
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The dataset is a cross-section of all customers who had a policy active in De-

cember 2015. The full dataset includes a total of 5,236 households, who between

2010 and 2015 bought 5,419 insurance policies. For each policy, the data record

the issue date, the insured amount, and the premium paid at the time when it

was first purchased. Moreover, the data contain for each policyholder their date of

birth, gender, and place of residence. The data also include the claims associated

with each policy between 2010 and 2015 and specify the event that happened to

the policyholder.

The coverage is annual, and it renews automatically every year. I use choices

at the time when the insurance was first issued, thus restricting attention to active

choices to reduce the component of inertia in the decision.2 The protection in

case of death and serious disease can be extended to the immediate family of

the policyholder (partner and children until 21 years old). I focus on households

that bought insurance for just one person. If households that provide insurance

for more than one member are considered, the number of possible states would

increase depending on each insured member’s possible states of the world, and

possibly their choices do not reflect own risk preferences.

With these restrictions, the total number of households in the sample is 3,164,

who first purchased the insurance between August 2010 to December 2015. Table

1.1 provides descriptive statistics for the sample as at year of first purchase.

As explained above, the insurance allows one to choose any insured amount

between CRC 1 million and CRC 60 million; however, people tend to pick certain

focal values. This fact will be useful to discretize the choice set. I include a value

2In other contexts, inertia has proven to have an important impact on people’s choices. Ex-
amples are saving behavior (Madrian and Shea, 2001) or (more in line with this chapter) health
insurance (Handel, 2013a).
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Table 1.1: Descriptive Statistics

Variable Mean SD Min Max
Age (years) 38.38 9.73 19 76
Female (=1) 0.77

Costa Rican (=1) 0.997
Year of first purchase

2010 (=1) 0.01
2011 (=1) 0.14
2012 (=1) 0.29
2013 (=1) 0.17
2014 (=1) 0.17
2015 (=1) 0.22

Note: Core sample of 3,164 households.

in the choice set if it was chosen by at least 1% of the sample.3 The resulting choice

set includes 12 options: 2 million, 3 million, 4 million, 5 million, 6 million, 7 million,

7.5 million, 8 million, 10 million, 12 million, 15 million, and 20 million. This set

covers 93.14% of the observations. For the other 6.86%, the following criterion is

used to accommodate the observations in the new set: for values greater than 20

million, the assigned choice is 20 million (0.3% of the observations). For values

lower than 2 million, the assigned choice is 2 million (0.82% of the observations).

For other values, the nearest option is assigned (for example 3.2 million becomes

3 million and 3.7 million becomes 4 million), and for values in the middle, the

nearest lower option is assigned (for example 3.5 million becomes 3 million). Table

1.2 compares the percentage of households choosing the selected insured amounts

before and after the reassignment.4

Table 1.3 summarizes the annual premium for the insured amounts chosen by

at least 1% of the sample. For the analysis, I need for each household the pre-

3In total, 52 values are chosen, but 19 values contain one person each, and 31 values concen-
trate less than ten people each.

4As a robustness check, Appendix A.2 presents the analysis only including the 93.14% of
households who choose one of the focal options. The main message is unchanged.
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Table 1.2: Summary of Insured Amounts: Actual Choices vs. Discretized Choices

Insured Amount Percentage of Households
(in CRC) Actual Choices Discretized Choices
2 million 2.34 3.60
3 million 4.80 5.25
4 million 5.91 6.32
5 million 20.76 21.05
6 million 7.65 8.00
7 million 4.05 4.08

7.5 million 1.58 1.61
8 million 7.93 9.13
10 million 27.56 28.00
12 million 4.11 4.96
15 million 4.93 5.97
20 million 1.52 2.02

Note: Core sample of 3,164 households.

mium associated with each one of the 12 options in the choice set. Although the

insurance company did not provide the exact price rule they follow, they indicated

that premiums depend only on age, occupation, gender, and the respective insured

amount. Except for occupation, the dataset contains all the price-relevant vari-

ables, and thus I use a regression approach to estimate the premiums that each

household faced on its unchosen options. An important consideration is that in

July 2014 the premium decreased by about 2% for each million. The core sam-

ple contains a total of 2,150 households (67.95% of total sample) before the price

change and 1,014 afterward.

In addition to prices paid by the households in the sample, the company pro-

vided 112 examples of how different combinations of demographics translate to

premiums. I include these examples in the regression data to get better estimates.

Table 1.4 presents the results. The R2 is close to one in both estimations, a good

indication of the predictive power of the variables, even with one omitted variable

(due to the absence of the occupation variable).
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Table 1.3: Summary of Annual Premiums

Insured Amount
(in CRC)

Mean SD Min Max

2 million 60,835.79 59,236.40 18,828 520,440
3 million 77,392.19 27,096.93 33,912 164,460
4 million 97,459.51 31,809.35 42,120 199,332
5 million 105,041.00 54,559.10 43,212 1,145,196
6 million 120,501.20 41,396.77 56,580 353,748
7 million 132,009.60 36,020.62 66,012 318,564

7.5 million 122,009.30 28,983.58 70,728 244,644
8 million 142,173.40 51,699.71 75,432 376,764
10 million 142,399.20 57,141.03 55,344 1,061,652
12 million 156,872.20 46,044.19 115,860 455,592
15 million 191,122.60 72,665.04 69,144 928,728
20 million 268,605 154,958.10 71,976 910,188

Full Core sample 132,177.61 101,896.98 11,064 2,502,144

Notes: Core sample of 3,164 households. The values correspond to the actual
premiums paid when the insurance was first purchased.

Table 1.4: Annual Premiums on Individual Characteristics

(1) (2)
Log premium,
pre-July 2014

Log premium,
post-July 2014

Log of insured amount 0.971∗∗∗ 0.989∗∗∗

(0.016) (0.007)
Age 0.006∗∗ 0.007∗∗∗

(0.003) (0.002)
Age2/100 0.040∗∗∗ 0.038∗∗∗

(0.004) (0.003)
Female -0.206∗∗∗ -0.242∗∗∗

(0.009) (0.006)
Intercept -4.310∗∗∗ -4.635∗∗∗

(0.278) (0.124)
Observations 2,183 1,093
Adjusted R2 0.92 0.98

Note: Robust Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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To test the predictions derived from the regression for the core sample of 3,164

households, Figure 1.1 presents a histogram of the residuals (defined as the dif-

ference between actual and fitted premiums at each household’s chosen insured

amount). For the pre-July 2014 group, the mean absolute error equals 6,156.99,

that represents 4.70% of the average premium. For the post-July 2014 group, the

mean absolute error equals 4,297.66, that represents 3.19% of the average premium.

Overall, the mean absolute error equals 5,561.11 that represents 4.21% of the av-

erage premium. Furthermore, there is no systematic relationship between the size

of the residuals and the insured amounts. The correlation coefficient is -0.007 for

the whole sample, and 0.005 when considering only insured amounts with at least

1% of observations. To estimate the model, I construct the household-specific

menu using the prices obtained from the regressions in Table 1.4, i.e., I use fitted

premium values even for the actual choices.

Figure 1.1: Histograms of residuals.
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The data record the claim history for each policy and describes the reason.

For the estimation of the model, I obtain empirical frequencies from the claim

data, and I assign the same value to each household.5 One limitation to estimate

the claim probabilities is the fact that the data do not contain information about

5As a robustness check, Appendix A.3 presents the analysis using empirical frequencies esti-
mated from national level data. The main message is unchanged.
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people who were customers of the company and left. One way to think about

this limitation is that the whole group is composed of three subgroups: (a) the

customers who are still active in December 2015 and did not suffer any mishap,

(b) the people who suffer any occurrence while they were customers, and (c) the

people who were customers and left before December 2015. I cannot see what

happened to the people in the last subgroup, and it might bias the claim rates

upwards.

One additional limitation in the estimation of individual-specific claim rates

based on observables is the small number of occurrences of the adverse events.

The 5,236 households in the full dataset comprise 9,152 individuals and 29,880

individual-year observations. Among all the individual-year observations, the data

report 15 deaths, one incapacitation, and 16 serious diseases. In such cases, a

maximum likelihood estimation of a logistic model can suffer from downward bias

(King and Zeng, 2001). As a solution to this problem, a penalized maximum

likelihood, as proposed by Firth (1993), can be estimated. However, for 99.67% of

observations, at least one predicted probability is lower than 0.01. This variation in

probabilities seems to be so low for people to take into consideration the differences.

Therefore, to estimate the model, I use the empirical frequency of the adverse

event. Moreover, because the insurance pays the same amount in case of death

or incapacity, I combine both states, and I consider two adverse events in my

estimation: death or incapacity and serious disease. The empirical frequency in

both cases correspond to
16

29880
≈ 0.0005.
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1.3 Model and Estimation Strategy

1.3.1 Theoretical Model

In this section, I present a theoretical model for how a household chooses from the

menu of premium-insured-amount options.

Although the insurance offers coverage in three possible states, in the cases

of death and of incapacity the payoff is the same, and thus it is not possible to

separately identify the corresponding parameters. Therefore, in the model, both

states are combined. The model’s possible states are denoted as life (L), death

or incapacity (D&I), and serious disease (S). Strictly speaking, by life I mean

a state where none of the other events happened. Let µL, µD&I , and µS be the

probability of life, death or incapacity, and serious disease, respectively. I assume

that the events are mutually exclusive and µL + µD&I + µS = 1.

For the model, I need a monetized loss associated with each state. This loss

plays an analogous role to property damage in a model of home or auto insurance.

In the case of life insurance, the loss includes the present value of the future labor

income that is foregone due to the adverse event. For simplicity, I assume the loss

is the same across the two adverse states, i.e., lD&I = lS ≡ l.

The insurance company offers to the household a set of pairs {(p(m),m) : m ∈

M} where p(m) is the premium associated with insured amount m and M is the

set of insured-amount options. In the case of death or incapacity, the household

receives the amount m, and in the case of a serious disease, the household receives

the amount 0.5m. The lottery implied by choice m takes the form:
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L(m) ≡ (−p(m), µL;−l − p(m) +m,µD&I ;−l − p(m) + 0.5m,µS).

Given an initial wealth w and a utility function u(w), the standard expected

utility of the lottery L(m) is:

U(L(m)) = µLu(w − p(m)) + µD&Iu(w − l − p(m) +m)

+ µSu(w − l − p(m) + 0.5m).

(1.1)

The assumption that the utility function is state-independent is difficult to

justify in the life-insurance context. For instance, the same amount of money will

have different levels of enjoyment depending if the individual is healthy rather than

in a vegetative state. Therefore, the states might have the effect of causing the

whole utility function to change. To introduce state-dependent preferences, I follow

Viscusi and Evans (1990) and include a multiplicative parameter that changes the

marginal utility of consumption across states. Let αD&I and αS be the respective

state-dependent terms relative to the life state. The expected utility of the lottery

L(m) becomes:

U(L(m)) = µLu(w − p(m)) + µD&IαD&Iu(w − l − p(m) +m)

+ µSαSu(w − l − p(m) + 0.5m).

(1.2)

If αi > 1 then the marginal utility of consumption is greater in the adverse-

event state i (i=D&I, S) relative to the life state. On the other hand, if αi < 1

then the marginal utility of consumption deteriorates in the adverse-event state i

relative to the life state. Finally, if αi = 1 the marginal utility of consumption is
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the same across states. A priori, the magnitude of the state-dependent parameter

is ambiguous. As pointed out by Finkelstein et al. (2009), it is conceivable that

the adverse event lowers the marginal utility of consumption of goods that are

complements to good health, such as travel, but increases the marginal utility of

consumption of goods that are substitutes to good health, such as nursing care. In

fact, the evidence provided by empirical studies is also inconclusive in the direction

of the effect.

In the expected-utility model, the concavity of the utility function generates

risk aversion. However, an alternative source of risk aversion to consider in the

domain of life insurance is the probability-weighting feature of prospect theory

(Kahneman and Tversky, 1979). The probability-weighting feature suggests that

people transform probabilities into decision weights that might differ from the

objective probabilities. Therefore, each adverse event has a transformed probabil-

ity, and the remaining weight summing up to one belongs to the life state, i.e.,

ΩL(µL)+ΩD&I(µD&I)+ΩS(µS) = 1, where Ωi(µi) represents the weight associated

with each state and reflects how people perceive the corresponding probabilities

in the decision. When considering probability weighting and continuing to assume

state-dependent utility, the expected utility of the lottery implied by the lottery

L(m) is given by:

U(L(m)) = (1− ΩD&I(µD&I)− ΩS(µS))u(w − p(m))

+ ΩD&I(µD&I)αD&Iu(w − l − p(m) +m)

+ ΩS(µS)αSu(w − l − p(m) + 0.5m)

(1.3)

In principle, because αi is independent of µi, while Ωi(µi) depends on µi, the

state-dependent parameters and the probability distortions might be separately
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identified. However, because my data effectively contains no variation in the

adverse-event probabilities, in practice Ωi(µi) is not distinguishable from αi.

Hence, I rewrite equation (1.3) as:

U(L(m)) = u(w − p(m)) + ΓD&Iu(w − l − p(m) +m)

+ ΓSu(w − l − p(m) + 0.5m)

(1.4)

where ΓD&I =
ΩD&I(µD&I)αD&I

1− ΩD&I(µD&I)− ΩS(µS)
and ΓS =

ΩS(µS)αS

1− ΩD&I(µD&I)− ΩS(µS)
.

The analysis can recover the parameters ΓD&I and ΓS. Equation (1.4) en-

compasses both the state-dependent-utility and probability-weighting models. If

the conditions ΩS(µS) = µS and ΩD&I(µD&I) = µD&I are assumed, then αD&I =

ΓD&I

µL

µD&I

represents the change in the marginal utility due to death or incapacity

(similarly for the serious-disease state). On the other hand, under the condition

αD&I = αS = 1 then
ΓD&I

ΓS
represents the relative probability weights between the

adverse events. Due to this issue, in the analysis I present the estimates for ΓD&I

and ΓS and discuss both interpretations.

In the estimation, for the utility function u(·) I assume the constant absolute

risk aversion (CARA) utility function u(x) = −e−rx for r 6= 0 and u(x) = x

for r = 0, where r is the coefficient of absolute risk aversion. A disadvantage of

this utility function is that the family of constant relative risk aversion (CRRA)

often gives a better fit (Wakker, 2008). In my case, the CRRA approach requires

additional assumptions because the data do not contain any wealth measure.6

6As a robustness check, Appendix A.4 presents the analysis assuming CRRA utility. The
main message is unchanged.

15



Using the CARA form equation (1.1) can be written as:

U(L(m)) = µL(−e−r(w−p(m))) + µD&I(−e−r(w−l+m−p(m)))

+ µS(−e−r(w−l+0.5m−p(m))).

(1.5)

After a monotonic transformation equation (1.5) becomes:

U(L(m)) = µL(−e−r(−p(m))) + µD&I(−e−r(m−p(m)−l))

+ µS(−e−r(0.5m−p(m)−l)).

(1.6)

Similarly, with CARA utility function and after a monotonic transformation,

equation (1.4) becomes:

U(L(m)) = (−e−r(−p(m))) + ΓD&I(−e−r(m−p(m)−l))

+ ΓS(−e−r(0.5m−p(m)−l)).

(1.7)

1.3.2 Identification

The identification of the model consists of two pieces. The first piece is whether it is

possible to identify the parameters in the model whenever the maximum willingness

to pay (WTP) for a particular insured amount is known. The answer is affirmative

to both the standard expected-utility model and the model that incorporates state-

dependent utility and probability distortions as long as the choice set includes more

than three insured amount options.
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First, consider the case of the standard expected-utility model, where the pa-

rameters to be estimated are the coefficient of absolute risk aversion r and the size

of the loss l. Proposition 1.1 shows that the parameter vector θ ≡ (r, l) is identified

(the proof is in Appendix A.1). Consider a household with a coefficient of absolute

risk aversion r 6= 0, a monetary loss l, and a vector of probabilities (µL, µD&I , µS):

Proposition 1.1. Take any three insured amount options: 0 ≤ ma < mb < mc,

with premium pa for insured amount ma. Denote by p̃j (j = b, c) the premium that

makes the household indifferent between insured amounts ma and mj, and assume

that 0.5(mj − ma) > p̃j − pa. Under standard expected utility, any (pa, p̃b, p̃c) is

consistent with a unique (r, l).

Table 1.5 illustrates the intuition. Multiple combinations of r and l are consis-

tent with a particular WTP to move from insurance amount ma to mb. However,

each combination delivers a different implication for the WTP to move from in-

surance amount ma to mc, where a lower WTP corresponds to higher levels of r

and lower size of l.

Table 1.5: Intuition for Standard Expected-Utility Model Identification

r l
WTP

ma to mb ma to mc

0.09 27.3799 2.7528 4.5891
0.10 25.0000 2.7528 4.5071
0.11 23.0513 2.7528 4.4288

Note: µD&I=0.05, µS=0.03, ma=0, mb=8, and mc=16.

The assumption 0.5(mj − ma) > p̃j − pa in Proposition 1.1 is a regularity

condition that reasonable premiums will satisfy. As Table 1.3 shows, the condition

always holds in the data.

Now consider the model that includes state-dependent utility and probability
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distortions, where the parameters to be estimated are r, l, ΓD&I , and ΓS. It is

possible to show that for any r, the parameters l, ΓD&I , and ΓS are not sepa-

rately identified. Consequently, in the estimation, I choose a value for l based on

the results from the standard expected-utility model. Once l is fixed, the vector

θ|l ≡ (r,ΓS,ΓD&I | l) is identified. While the complexity of the problem prevents

me from giving a formal proof of the identification argument, I provide the in-

tuition in Table 1.6. Different from the standard expected-utility model, in this

case, knowing the WTP for three insured amounts is not sufficient to identify the

parameters. Table 1.6 shows that multiple combinations of the parameters can ex-

plain simultaneously the WTP to move from insurance amount ma to mb and from

ma to mc. However, as the number of insured amount options available increases,

the different parameters will begin to generate different WTP.

Table 1.6: Intuition for State-Dependent-Utility and Probability-Weighting Model
Identification

r ΓD&I ΓS
WTP

ma to mb ma to mc ma to md ma to me

0.09 0.0674 0.0192 0.7638 1.4532 2.6247 4.2720
0.10 0.0500 0.0300 0.7638 1.4532 2.6252 4.2790
0.11 0.0371 0.0346 0.7638 1.4532 2.6255 4.2829

Note: l=25, ma=0, mb=2, mc=4, md=8, and me=16.

The logic behind this identification strategy comes from Barseghyan et al.

(2013). In my case, given the higher number of parameters, more insured amount

options are needed. As explained in Section 1.2, the insurance allows any insured

amount between CRC 1 million and CRC 60 million, so in principle I have a con-

tinuum of options. In practice, people’s choices are concentrated on 12 options.

The existence of more than three insured amounts options allows me to separately

identify the parameters in my model.

The second piece of identification is whether from the data it is possible to
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identify these WTPs. To identify WTPs requires variation in premiums that is

exogenous to the households’ risk preferences. In my setting, one relevant source of

exogenous variation in premiums is due to the price change in July 2014. For the

homogeneous model, not only the price change contributes to generating variation

in premiums, but also the changes in demographics (age and gender). On the other

hand, for the heterogeneous model, I assume that the utility parameters depend on

demographics, and therefore the variation in premiums is due to the price change,

that in practice might be insufficient to identify the WTP. Hence, while the model

converges, the results from the heterogeneous model should be interpreted with

caution.

1.3.3 Estimation

To estimate the models described above, I use a McFadden (1974) random-utility

specification. Specifically, given an underlying utility function U(L(m), θ) (e.g.,

from equation (1.6) or equation (1.7)) the utility associated with insured amount

m in the choice set M is given by:

U(m, θ) ≡ U(L(m), θ) + ε(m)

where ε(m) is a noise term, assumed to be i.i.d. with a type-1 extreme value

distribution with scale parameter σ.

To construct the likelihood function for the estimation, note that a household

chooses an insured amount m if U(m, θ) > U(m′, θ) for all m′ 6= m, and therefore

the probability of choosing the insured amount m is given by:
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Pr(m | θ, σ) ≡ Pr(ε(m′)− ε(m) < U(L(m), θ)− U(L(m′), θ) ∀m′ 6= m)

=
exp(U(L(m), θ)/σ)∑

m′∈M exp(U(L(m′), θ)/σ)
.

The estimates in the standard expected-utility model are the coefficient of

absolute risk aversion r, the size of the loss l, and the scale of choice noise σ. For

the state-dependent-utility and probability-weighting model, I assume a value for

the loss l based on the results from the standard expected-utility model. In this

case, the estimates are the coefficient of absolute risk aversion r, the parameters

ΓD&I and ΓS, and the scale of choice noise σ.

1.4 Results

1.4.1 Estimation under Homogeneous Preferences

In this section, I estimate the model assuming homogeneous preferences. I begin

my analysis using the standard expected-utility model to estimate the parameter

vector θ ≡ (r, l) and the scale of choice noise σ. As stated in Section 1.2, all

households are assumed to face the same probabilities, equal to the empirical

frequencies. The corresponding probability is 0.0005 for both events. Table 1.7

presents the results.

The estimate for ln(l) implies that the monetary loss l is about CRC 25,146,944.

According to the Costa Rican National Household Survey (Encuesta Nacional

de Hogares [ENAHO]), between 2010 and 2015 the annual per capita household

income was CRC 3,933,668. Thus, this estimate would imply that an adverse event
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Table 1.7: Estimation of the Model Assuming Standard Expected Utility (U(L(m))
Specified by Equation (1.6))

Estimate
95 percent bootstrap
confidence interval

ln(r) -15.6044 -15.6689 -15.5349
ln(l) 17.0402 16.9875 17.0901
σ 0.0046 0.0040 0.0055

LL -7081.52

Note: Core sample of 3,164 households.

represents a loss equivalent to more than six years of income. This fact highlights

the high-stakes nature of the lottery considered in this chapter.

The estimate for ln(r) implies that r is 0.000000167. This coefficient of risk

aversion might seem close to zero and therefore of little relevance. However, this

perspective omits the fact that the insured amounts are in millions. To evaluate

the importance of the risk-aversion coefficient, I calculate the maximum willingness

to pay (WTP) for a household to increase its insured amount from CRC 2 million

to CRC 4 million when the premium for a CRC 2 million coverage is CRC 37,473.7

Table 1.8 displays how the WTP varies for different values of the risk-aversion

coefficient. The results show that differences in r generate meaningful differences

in the WTP.

Regarding the fit of the model, without choice noise, the model predicts 23% of

observations correctly. When I consider choices within one rank (i.e., one step up

or down on the menu of insured amount options) the number of correct predictions

increases to 57%. Given that the choice set consists of 12 options, these results

indicate that the model provides a good fit to life-insurance choices.

Finally, consider the impact of the estimated scale of choice noise of 0.0046.

7This amount corresponds to the average premium for a CRC 2 million coverage for the core
sample.
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Table 1.8: Economic Significance Standard Expected-Utility Model

r ln(r) WTP
0 −∞ 1,498.50

0.000000157 -15.6689 49,668.01
0.000000167† -15.6044 62,307.93
0.000000179 -15.5349 80,701.69

Note: WTP denotes (for a household with the
utility function in equation (1.6), and the util-
ity parameters from Table 1.7) the household’s
maximum willingness to pay to increase its in-
sured amount from CRC 2 million to CRC 4
million when the premium for the CRC 2 mil-
lion coverage is CRC 37,473.
† Estimate from Table 1.7

Over 10,000 simulations, the households’ “noiseless” choices coincide with the

“noisy” choices 21% of the time. This number increases to 56% if I consider

the choices within one rank. Because with extreme noise, the probability that a

household’s “noisy” choice would equal any insurance amount would be around

8%, the noise seems to be not dominant in the estimations.

I next estimate the model with state-dependent utility and probability weight-

ing to obtain the parameter vector θ|l ≡ (r,ΓS,ΓD&I | l) and the scale of choice

noise σ. Given the results from Table 1.7, I assume that the loss is equal to CRC

25 million. Table 1.9 reports the results.

Table 1.9: Estimation of the Model Assuming State-Dependent Utility and Prob-
ability Weighting (U(L(m)) Specified by Equation (1.7))

Estimate
95 percent bootstrap
confidence interval

ln(r) -15.8962 -15.9543 -15.8025
ΓD&I 0.0021 0.0015 0.0024
ΓS 0.0000 0.0000 0.0003
σ 0.0034 0.0030 0.0041

LL -7079.75

Notes: Core sample of 3,164 households. The
loss is assumed to be equal to CRC 25 million.
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The estimate for ln(r) implies that r is 0.000000125, lower than the one cor-

responding to the expected-utility case. The parameter ΓD&I is equal to 0.0021

and ΓS is close to zero. Recall from Section 1.3 that the parameters ΓD&I and

ΓS can represent state-dependent utility or probability weighting. According to

the state-dependent-utility interpretation, the marginal utility of consumption

changes across states, and people do not engage in probability distortions. Then

αD&I = ΓD&I

µL

µD&I

≈ 4.1610 represents the change in the marginal utility due

to death or incapacity; and αS = ΓS
µL

µS
≈ 0.00001 represents the change in the

marginal utility due to serious disease. The results suggest that the death or inca-

pacity state increases the marginal utility of consumption, while the serious-disease

state reduces it.

According to the probability-weighting interpretation, people transform proba-

bilities into decision weights that do not necessarily coincide with the probabilities.

Then
ΓD&I

ΓS
≈ 538,195.47 is the relative weight people assign to the death or in-

capacity state relative to the serious-disease state. Because both events have the

same objective probabilities, the result suggests a relative overweighting of the

death or incapacity state.

Without choice noise, the state-dependent-utility and probability-weighting

model predicts 22% of observations correctly. This number increases to 56% if

I consider the choices within one rank. Regarding the role of the noise in the

simulations, over 10,000 simulations, the households’ “noiseless” choices coincide

with the “noisy” choices 22% of the times. This number increases to 57% if I

consider the choices within one rank. Similar than before, the noise seems to be

not dominant.
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1.4.2 Estimation under Heterogeneous Preferences

Previous papers that estimate risk preferences using individual-level insurance data

find substantial preference heterogeneity (e.g., Cohen and Einav 2007a; Barseghyan

et al. 2013). In this section, I extend the model to allow for observed heterogeneity

in r, ΓD&I and ΓS. In particular, I assume for individual j:

ln(rj) = βrXj

ΓD&I,j = βΓD&I
Xj

ΓS,j = βΓS
Xj

where the elements in the vector Xj are the following: a constant, a dummy

variable that is equal to one if the policyholder is a female, and three dummy

variables that indicate an age interval. For the age intervals, I divide the sample

into four categories: less than 29 years old (22% of households), from 30 to 39

years old (34%), from 40 to 49 years old (28%), and older than 50 years old (16%).

The model is estimated via maximum likelihood and the parameter vectors

to be estimated are: θHET ≡ (βr, σ) for the standard expected-utility case and

θHET ≡ (βr,βΓD&I
,βΓS

, σ) for the model assuming state-dependent utility and

probability weighting. In the estimations, I continue assuming that the loss is

equal to CRC 25 million. It is worth remembering that, in the heterogeneous

model, identification is more suspect because the variations in premiums necessary

to identify the maximum willingness to pay are due exclusively to the price change

in July 2014 (as discussed in Section 1.3.2).

Table 1.10 presents the results for the standard expected-utility model under
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observed heterogeneity. For convenience, the first column restates the relevant

estimates from Table 1.7. The mean fitted value of r is 0.000000146, and along

with the scale of choice noise, the results are similar to the estimates in Table 1.7.

Table 1.10: Estimation of the Model Assuming Standard Expected Utility. Ob-
served Heterogeneity

Homogeneous
preferences

Observed heterogeneity

Estimate
95 percent bootstrap
confidence interval

βr

Constant -15.6044 -15.5585 -15.5757 -15.5385
Female -0.0184 -0.0337 -0.0039

30 ≤ Age ≤ 39 -0.0285 -0.0435 -0.0138
40 ≤ Age ≤ 49 -0.0555 -2.0241 -0.0404

50 ≤ Age -1.8480 -2.0241 -0.0016
Mean
fitted
value

ln(r) -15.6044 -15.7398 -16.0530 -15.5902

σ 0.0046 0.0042 0.0037 0.0049
LL -7081.52 -6993.56

Notes: Core sample of 3,164 households. The loss is assumed to be equal to CRC 25 million.

Table 1.11 provides the results for the case of the model with state-dependent

utility and probability weighting. The mean fitted value of r is 0.000000206, higher

than the estimated value in Table 1.9. The mean fitted value for ΓD&I is 0.0009 and

for ΓS is 0.0001. The state-dependent-utility interpretation of these parameters is

αD&I ≈ 1.7052 and αS ≈ 0.1778. This interpretation suggests that the death or

incapacity state increases the marginal utility of consumption, and the serious-

disease state reduces it. The probability-weighting interpretation suggests that

the ratio between the weight assigned to death-or-incapacity state and the serious-

disease state is approximately
ΓD&I

ΓS
≈ 9.59, indicating a relative overweighting of

the death or incapacity state. These results are consistent with the findings in

Table 1.9.

Moreover, the results from Table 1.11 suggests that as people age, they worry
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Table 1.11: Estimation of the Model Assuming State-Dependent Utility and Prob-
ability Weighting. Observed Heterogeneity

Homogeneous
preferences

Observed heterogeneity

Estimate
95 percent bootstrap
confidence interval

βr

Constant -15.8962 -15.6860 -16.0233 -15.3505
Female 0.6076 0.2892 0.7896

30 ≤ Age ≤ 39 -0.0654 -0.1192 0.0234
40 ≤ Age ≤ 49 -0.2090 -0.5095 -0.1015

50 ≤ Age -1.2049 -2.1611 -0.1480

βΓD&I

Constant 0.0021 0.0016 0.0006 0.0030
Female -0.0016 -0.0029 -0.0006

30 ≤ Age ≤ 39 0.0000 -0.0003 0.0000
40 ≤ Age ≤ 49 0.0001 0.0000 0.0015

50 ≤ Age 0.0028 -0.0001 0.0040

βΓS

Constant 0.0000 0.0000 0.0000 0.0003
Female 0.0001 0.0000 0.0004

30 ≤ Age ≤ 39 0.0000 0.0000 0.0003
40 ≤ Age ≤ 49 0.0000 -0.0002 0.0001

50 ≤ Age 0.0000 -0.0001 0.0009
Mean
fitted
value

ln(r) -15.8962 -15.3944 -15.8754 -14.9776
ΓD&I 0.0021 0.0009 0.0002 0.0014
ΓS 0.0000 0.0001 0.0000 0.0006

σ 0.0034 0.0064 0.0032 0.0157
LL -7079.75 -6957.39

Notes: Core sample of 3,164 households. The loss is assumed to be equal to CRC 25 million.

relatively more about death or incapacity. According to the Costa Rican National

Household Survey, the head of household’s average age was 49.81 years old between

2010 and 2015. Therefore, the presence of dependents might be one reason for

people increasing their concern on the death or incapacity state after their forties.

The results from Table 1.11 also indicate heterogeneity by gender. First, women

are more risk averse than men, the mean fitted value of ln(r) for women is -15.3574

and for men -15.9088. Second, compared to men, women assign a lower weight to

the death or incapacity state and a higher weight to the serious-disease state.

The corresponding mean fitted value of ΓD&I for women is 0.0005 and for men
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0.0020, while the mean fitted value of ΓS is 0.0001 for women and 0.00001 for men.

Following a state-dependent-utility interpretation, the different decision weights

translate to an asymmetric change in the marginal utility of consumption of the

adverse event across genders. The increase in the marginal utility of consumption

due to death or incapacity is higher for men than for women, and similarly, the

drop in marginal utility due to serious disease is stronger for men. According to

a probability-weighting interpretation, the distortion in probabilities operates in

different forms across genders. Although both men and women inflate the actual

probability of death or incapacity state with respect to the chances of the serious-

disease state, the overweighting is more pronounced for men.

A likelihood ratio test rejects at the one percent level the hypothesis of ho-

mogeneous preferences for both the standard expected-utility model and for the

state-dependent-utility and probability-weighting models. Therefore, similar to

previous studies, I find support for the existence of heterogeneity in preferences.

Between the estimates under heterogeneous preferences, the model that assumes

state-dependent utility and probability weighting fits the data significantly better

than the standard expected-utility model.

1.5 Robustness Checks

My main results suggest that (a) the state-dependent-utility and probabili-

ty-weighting model fits significantly better the data than the standard expected-u-

tility model, (b) accounting for heterogeneity in preferences is important, (c) ac-

cording to a state-dependent utility interpretation, both states change the marginal

utility of consumption, but the magnitude is larger for the death or incapacity
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state, and (d) according to a probability-weighting interpretation, the death or in-

capacity state is overweighted relative to the serious-disease state. In this section,

I highlight that these results are preserved across alternative specifications. To

conserve space, a more detailed description of each robustness check and complete

results are available in Appendices A.2, A.3, and A.4.

In the first robustness check (Appendix A.2), I investigate the sensitivity of

my estimates to reassigning insured amounts to households that do not choose

a focal point. I re-estimate the model using a restricted sample in which I drop

all households with reassigned choices (6.86% of the core sample). In the second

robustness check (Appendix A.3), I assess the possibility of results being affected

because of using empirical frequencies estimated from the claim data provided by

the insurance company. Instead, I estimate empirical frequencies using national-

level data and re-estimate the model. In the last robustness check (Appendix A.4),

I study how results change after assuming constant relative risk aversion (CRRA)

utility. The CRRA utility requires household’s prior wealth, that is unobservable

from the data. Therefore, I re-estimate the model assuming different reasonable

values for prior wealth according to the Costa Rican National Household Survey.

All in all, the results from the robustness checks reinforce my main message.

1.6 Conclusion

In this chapter, I estimate a structural model of risky choice using data on choices

in life-insurance contracts. In addition to standard risk aversion (diminishing

marginal utility for wealth), the model allows for weights on all states that might

differ from their actual probabilities. These weights can be interpreted as state-
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dependent preferences or probability distortions. To estimate the nature of risk

preferences using proprietary data is a different approach from most of the existing

work that investigates life-insurance purchases. The existing work has focused on

survey data to estimate how demographic and socioeconomic factors are associated

with demand.

My results suggest that either state-dependent utility for wealth or decision

weights that might differ from their actual probabilities play a statistically and

economically significant role in explaining risky choices. Moreover, I find evidence

of heterogeneity in preferences. The presence of heterogeneity is consistent with

results in Cohen and Einav (2007a), Chiappori et al. (2012), Barseghyan et al.

(2013), and Chiappori et al. (2014). My analysis suggests that women are more

risk averse and assign different decision weights than men. Also, the decision

weights vary across age categories.

According to a state-dependent-utility interpretation of my results, the ad-

verse state changes the marginal utility of consumption. On the one hand, the

serious-disease state decreases the marginal utility of consumption. That health

deterioration is associated with a drop in the marginal utility of consumption is

consistent with findings in Viscusi and Evans (1990), Sloan et al. (1998), and

Finkelstein et al. (2013). On the other hand, the death or incapacity state in-

creases the marginal utility of consumption, and the increase is stronger for men.

According to the Costa Rican National Household Survey, between 2010 and 2015,

on average males earned approximately 61.86% of the household’s total income.

Therefore, the higher weight on the death or incapacity state in men might reflect a

concern due to the potentially high financial loss in case of death. Lillard and Weiss

(1997) also find a positive state dependence for health and survival uncertainty in
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retirees and explain it through bequest motives.

In contrast, income in the serious-disease state might not be as valuable from

the life-insurance perspective because of the financial protection offered by the

social security system in Costa Rica. In Costa Rica, the public health system

provides near-universal access to a full range of health services, including complex

procedures such as transplants (OECD, 2017). Moreover, workers receive a subsidy

during sick leave (CCSS, 2014). Therefore, the possibility of catastrophic health

expenditures due to serious disease is low.

According to a probability-weighting interpretation of my results, households

evaluate risk different from what the corresponding objective probabilities indicate.

In particular, my results suggest that individuals overweight the chances of death

or incapacity relative to the serious-disease state when buying life insurance. That

a model featuring probability weighting is a better approximation to behavior is

in line with studies from experimental data (e.g., Camerer and Ho 1994; Wu and

Gonzalez 1996), as well as field data (e.g., Chiappori et al. 2012; Barseghyan et al.

2013).

My results reinforce most of the previous conclusions from lab and field studies

on the importance of non-expected-utility models and heterogeneity in the estima-

tion of risk preferences. However, it is worth considering certain limitations of my

work. First, the life-insurance product I analyze is not compulsory. It is conceiv-

able that individuals with high risk aversion, high probability distortions, or high

state-dependent parameters are self-selecting. Therefore, it is not possible to claim

I have a representative segment of the population. A second limitation is related

to the exogenous variation in premiums that the identification strategy requires.

Particularly in the estimation of the heterogeneous model, the exogenous variation
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is caused exclusively by the price change in July 2014, and it might be insufficient

in practice for identification purposes. A third limitation is that from my analysis

the state-dependent parameter is indistinguishable from the probability-weighting

component. One possible way to separately identify the two elements is to find a

context with probability variations and where state-dependent utility matters.
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CHAPTER 2

ADVERSE SELECTION AND MORAL HAZARD IN PRIVATE

HEALTHCARE WHEN UNIVERSAL HEALTHCARE IS

AVAILABLE

(This chapter was written in collaboration with Jason Somerville and Matthew

Thirkettle, Cornell University)

2.1 Introduction

The merits of public versus private provision of healthcare services is a complex

issue that generates heated discussions worldwide. Concerns about efficiency, fair-

ness, and fiscal sustainability of different healthcare provision systems permeate

debates and reform efforts such as “Medicare for All.” A sizable academic literature

has contributed to the discussion, although predominantly focusing on US health

programs, ignoring the rich institutional variation that exists in other countries

that might shed light on diverse ways that the public and private sectors interact

in providing healthcare services.

In this chapter, we focus on a middle-income country in which the government

provides healthcare services to all citizens, but, in addition, there exists a private

healthcare sector. Using proprietary data on household private health-insurance

coverage and medical utilization, we examine selection in this institutional set-

ting, particularly selection based on asymmetric information (adverse selection

and moral hazard). The insurance company offers the product we analyze in

two forms: individual and collective, the difference being whether individuals can

choose an insured amount (individual) or it is exogenously assigned (collective).
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Both individual and collective insurance have the same features, including copays

and deductibles. One unique feature of our data is that within a policy term, the

copay and deductible are fixed, but the copay and deductible regimes vary over

time. We leverage these features of the insurance product to disentangle adverse

selection and moral hazard.1

Our estimates are based on a positive correlation test and a random-effect logit

model, and suggest the presence of selection based on asymmetric information,

both in the form of adverse selection and moral hazard. We disentangle adverse

selection and moral hazard by comparing the effect of insured amounts and copay-

and-deductible regimes on claim rates in the individual and collective insurance. In

the individual-insurance sample, we find that people that choose highest insured

amounts also have higher claim rates. This is consistent with adverse selection

and moral hazard. We also find that claim rates are decreasing with copays and

deductibles, suggesting the presence of moral hazard. On the other hand, in the

collective-insurance sample, the insured amount is exogenously assigned, and con-

sequently, any effect is due to moral hazard. In the collective-insurance sample,

we find little impact of insured amounts in claim rates and again a negative re-

lationship between copay-and-deductible regimes and claim rates. Comparing the

magnitude of the estimates in the individual and the collective samples, we con-

clude that most of the impact of insured amounts on claiming behavior in the

individual sample is a product of adverse selection.

Given our results indicating the presence of asymmetric information, we de-

velop a model of coverage choice and medical spending that embeds four sources

of heterogeneity that could give rise to adverse selection and moral hazard in our

1Throughout the chapter, we consider adverse selection as selection based on types at the
stage of choosing insured amounts, and moral hazard as how the coverage impacts on an agent’s
ex-post behavior at the stage of choosing medical utilization.
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institutional setting: risk preferences, risk type, concern for health, and tastes for

convenience provided in the private sector. In future work, we plan to structurally

estimate the model to measure the relative importance of each dimension of selec-

tion, analyze the degree of heterogeneity in preferences, and to evaluate the welfare

implications of a market where private and public sector provides healthcare ser-

vices.

In Section 2.2, we describe in detail the institutional setting of the healthcare

market that we analyze. The government provides universal healthcare financed

through payroll deductions. The public system covers medical consultations, pre-

scriptions, surgeries, and complex treatments (e.g., chemotherapy, dialysis, or or-

gan transplants) without charging any copays or deductibles. In addition to the

public healthcare system, private healthcare is available at a cost to anyone who

chooses to utilize its services. The private healthcare system offers the same range

of services as the public healthcare system with comparable health outcomes, but

it is superior in terms of convenience services, such as shorter waiting times or

private accommodation. We present evidence from a national health survey on

the relevance of convenience services. In general, the number of people per room,

the admission process, and the food quality are the worst-ranked features in pub-

lic hospitals. Moreover, using household income and expenditure survey data, we

describe how households utilize public and private healthcare services. Private

healthcare is more relevant for medical consultations, medications, medical imag-

ing, and laboratory tests. However, households switch to public healthcare for

relatively expensive treatments such as hospitalizations or complex treatments.

This pattern motivates some of the assumptions we make when specifying con-

sumer preferences and behavior in our modeling approach.

34



In Section 2.3, we provide an overview of the data. The source of the data

is an insurance company that operates in the middle-income country that we are

analyzing. The company offers a product that we call “Student Health Insurance.”

Student Health Insurance is available for any person enrolled in an educational

institution and covers health costs due to accidents, incapacity, and death. The

insurance company offers Student Health Insurance in two forms. The first form

is individual insurance, where individuals select the maximum amount they will

receive in case of an adverse event from a menu of options. The second form is

collective insurance, where individuals receive their policy from their educational

institution, and the insured amount is chosen by that institution. In both cases,

the insurance’s features are the same, and individuals can decide the amount of

ex-post medical utilization. We have individual-level data on insured amounts and

medical utilization for both types of customers. For reasons we explain, we restrict

attention to accident coverage. Crucially for disentangling adverse selection and

moral hazard, the insurance company implemented over time various changes in

copays and deductibles. During the years that cover our data, the company varied

copays four times, including a 0% copay regime and a 25% copay regime.

In Section 2.4.1, we present our results for the individual-insurance sample.

Our results suggest the presence of asymmetric information, both in the form of

adverse selection and moral hazard. Specifically, we find a positive relationship

between the insured amount chosen and claim rates. The group selecting the

highest insured amount has claim rates about ten percentage points higher than

the group selecting the lowest insured amount. Similarly, conditional on a positive

utilization, the group selecting the highest insured amount has claim amounts on

average three times higher than the group selecting the lowest insured amount.

This insured-amount effect can be indicative of both adverse selection and moral
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hazard. We also find a negative relationship between copays and deductibles and

claim rates. An increase in copays from zero to a positive percentage reduces claim

rates approximately two percentage points and reduces average claim amounts 17

percent. We interpret this copay-and-deductible effect as moral hazard. Through

a random-effect logit model, we confirm that the insured amount and the copay

and deductible effects are robust to the inclusion of covariates.

In Section 2.4.2, we report our results for the collective-insurance sample. Be-

cause, in this case, people cannot decide on the insured amount they want, the

adverse selection channel is shut down. Consistently we do not find any positive

relationship between insured amounts and claim rates (claim amounts). However,

we show a negative relationship between copays and deductibles and claim rates

(claim amounts). An increase in copays from zero to a positive percentage reduces

claim rates nearly one percentage point and reduces average claim amounts 20

percent.

In Section 2.4.3, we compare the individual and collective samples by estimating

a random-effect logit model that pools both samples. The sign and magnitude of

the insured amounts and the copay-and-deductible regimes are similar to the results

we obtain from analyzing each sample separately. Therefore, we argue that the

positive relationship between insured amount and claim behavior in the individual

sample is mostly a result of adverse selection. Similarly, the negative impact of

copay and deductible effects on claims in both samples is mostly a result of moral

hazard.

In Section 2.5, we develop a theoretical model of coverage choice and medical

spending that incorporates four types of heterogeneity that could generate adverse

selection and moral hazard in our institutional setting: risk preferences, risk type,
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concern for health, and tastes for convenience. We follow a modeling approach

closely related to Cardon and Hendel (2001), which is also the approach used in

Einav et al. (2013). The model consists of two stages. In the first stage, the agent

chooses an insurance contract based on her risk preferences and her forecast of

medical utilization. In the second stage, conditional on a health-shock realization

that depends on the individual’s risk type, the agent decides whether to receive

treatment in the public or private sector. This choice is determined by how much

the agent values the convenience services provided in private healthcare, by how

much the agent values health, and by the magnitude of the health shock.

In Section 2.5.1, we discuss the identification of our model. The basic intuition

is that under the zero-copay regime, individuals always prefer private healthcare

to public healthcare. Therefore, we can recover the full distribution of health

shocks from the data. After the company introduces a positive copay, individuals

compare their utility of receiving public versus private treatment, and for some

range of health shocks, preferences for convenience will favor private healthcare.

However, as the health shock becomes large enough, individuals switch to public

healthcare. Consequently, private-medical spending is observed up to the point

where individuals switch to public healthcare. The switching point depends on

tastes for conveniences, and on how much agents value healthcare. If we have at

least two different copays that are strictly positive, then from the two switching

points, both parameters can be identified. Finally, we obtain the risk aversion

parameter from the choice of insurance coverage. It is manifest that having a zero

copay and at least two positive copays is a key feature of our data that enables us

to identify our model.

This chapter contributes to several strands of literature. Our work adds to the
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literature that disentangles adverse selection and moral hazard. While a vast body

of empirical literature focuses on assessing the presence of asymmetric information

in health-insurance markets, most earlier studies examine the relationship between

claim rates and insurance coverage, a test that Chiappori and Salanié (2000) for-

mally analyze. Cutler and Zeckhauser (2000) review these papers and find that

adverse selection is quantitatively large. More recent papers move to the empirical

challenge of disentangling selection and moral hazard and estimate the welfare im-

plications of asymmetric information. The evidence on asymmetric information in

recent papers is mixed. Some studies find no evidence of informational asymme-

tries (e.g., Cardon and Hendel 2001), others find significant moral hazard but no

adverse selection (e.g., Keane and Stavrunova 2016), and others report substan-

tial evidence of adverse selection and moral hazard (e.g., Einav et al. 2013; Bajari

et al. 2014; Powell and Goldman 2016). More consistent is the conclusion that,

even with substantial asymmetric information, welfare losses are small. Our chap-

ter contributes to this literature by leveraging changes in copays and deductibles

implemented by the insurance company to disentangle moral hazard from adverse

selection.

Previous studies analyze selection in insurance markets based on risk attitudes

(Cohen and Einav, 2007b), cognitive ability (Fang et al., 2008), health risk (Han-

del, 2013b), or anticipated medical utilization (Einav et al., 2013). Our study

contributes to this literature by examining the role of selection based on taste for

convenience. Taste for convenience is a dimension rarely considered in the litera-

ture, one exception being Polyakova (2016b) that studies the German Healthcare

system and finds no evidence of selection based on risk attitudes but significant

non-pecuniary taste heterogeneity.
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Another important contribution of our study is the analysis of public and pri-

vate interaction in health-insurance markets. Most existing papers focus on the

US Medicare or Medicaid programs (e.g., Polyakova 2016a; Marton et al. 2017).

However, US public health insurance is a subsidy system for which a consider-

able fraction of the population is ineligible. Aside from the US healthcare system,

several papers analyze the German healthcare system, where public healthcare in-

surance is mandatory for the majority of the population, and private healthcare

insurance is available for a selected group of people (e.g., Grunow and Nuscheler

2014; Polyakova 2016b). In our chapter, we analyze an institutional setting where

the government not only subsidizes healthcare but also actively provides health

services to everyone. This institutional setting is similar to the UK healthcare

system, studied in Olivella and Vera-Hernández (2013), who use data from the

British Household Panel Survey and compares the use of healthcare services among

people who receive private insurance from their employer as a fringe benefit and

those who buy it directly, finding evidence of informational asymmetries in private

health insurance. They argue that their results are a result of adverse selection. In

contrast, our setting allows us to disentangle adverse selection and moral hazard,

finding that besides adverse selection, moral hazard plays an important role.

2.2 Institutional Setting

Our analysis focuses on a middle-income country that offers universal healthcare

through a government-run system. The public healthcare system provides access

to a broad range of services, including preventive care, medications, outpatient

consultations, surgeries, medical tests, and highly complex procedures such as

organ transplants. The public healthcare system is financed mainly via mandatory
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payroll deductions, and users do not pay copays when using any of its services.

Despite its virtues, the public healthcare system has a series of inconveniences,

particularly in the form of long waiting times. According to reports published by

a unit that monitors the problem, on average, a person waits 442 days for elective

surgery, 198 days for a diagnostic test, and 186 days for medical consultation. In

general, cases are prioritized and the longest waiting times correspond to non-life-

threating conditions. Aside from long waiting times, the public healthcare system

has other types of inconveniences. In a national health survey conducted in the

time window 2005-2010, respondents were asked to provide their level of satisfac-

tion with certain features of public hospitals. Figure 2.1 displays the percentage

of people who rated each feature as “bad” or “very bad.” The number of people

per room ranks in the first place, followed by the admission process and food qual-

ity. Notice that the features that generate more dissatisfaction with the public

healthcare system correspond to discretionary services, not directly related to the

provision of essential health services.

The non-monetary costs associated with the public healthcare system have

given rise to a private healthcare system. In the private healthcare system, pa-

tients can have access to medical attention after paying for its services. Private

healthcare reduces most of the waiting cost and provides discretionary services. For

example, according to the national health survey, on the appointment day, users

wait on average 55.13 minutes before receiving medical consultation in the public

healthcare system, while in the private healthcare system the average waiting time

is 34.44 minutes (a difference significant at the 1% level). Getting medications

is also slower in the public healthcare system. While patients in private health-

care receive their medication immediately, in public healthcare they wait 161.02
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Figure 2.1: Public hospital’s dissatisfaction.
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Source: Authors’ calculations based on a national health survey conducted between 2005 to 2010.
Dissatisfaction is measured by the percentage of people who rated the feature as “bad” or “very
bad.” Error bars show 95% confidence interval.

minutes on average (s.e 15.08).

Aside from the difference in monetary and non-monetary costs, the quality of

both systems is similar. The public healthcare system is well-equipped to perform

highly complex procedures. For instance, the public healthcare system is respon-

sible for introducing lung and intestine transplant in the country. Although the

public healthcare system is the largest employer in the country’s health sector,

employing nearly 74% of all physicians, it is common for physicians to have dual

practice, as approximately 75% of its physicians also work in the private system.

Finally, Figure 2.1 shows that respondents perceive physician care and reliability

among the best-rated features of public hospitals.

According to a household income and expenditure survey conducted in the time

window 2010-2015, households use private healthcare for relatively low-cost proce-

dures and switch to public healthcare for the treatment of serious health conditions.
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Figure 2.2 shows that conditional on using any healthcare system, households use

the private healthcare system mostly for medications, medical consultations, medi-

cal imaging, and laboratory tests. On the other hand, more than 95% of households

use public healthcare for hospitalizations and complex treatments.2

Figure 2.2: Conditional on receiving medical services, where households obtain it.
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Source: Authors’ calculations based on a household income and expenditure survey conducted
between 2010 to 2015. Error bars show 95% confidence interval.

On average, health spending in the private healthcare system represents 2.87%

of total household expenditures (median 0.92%). Figure 2.3 depicts the distribu-

2Complex treatments include inpatient and outpatient surgery, chemotherapy and radiother-
apy.
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tion of total household spending in private healthcare. About 71.18% of private

health expenses correspond to medical and dental consultations and medications.

On the other hand, despite being relatively more expensive procedures, hospital-

izations and complex treatments account for about 8.97% of total private health

expenditure. Consistent with Figure 2.2, individuals use private healthcare mostly

for convenience, but for relatively large health shocks they switch to public health

care where they can get relatively good quality at a lower cost. The existence

of the public healthcare system to treat expensive health conditions might ex-

plain the relatively low incidence of catastrophic health spending, measured as the

percentage of households with health spending exceeding 10% of the household’s

expenditure. In the country, approximately 6.41% of households are affected by

catastrophic health spending, in contrast to a global incidence of 11.7% (Wagstaff

et al., 2018).

Figure 2.3: Distribution of total household spending in private healthcare.
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Source: Authors’ calculations based on a household income and expenditure survey conducted
between 2010 to 2015.
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2.3 Data

The data come from an insurance company that offers health-insurance coverage

that can be used in the private healthcare system. We focus on an insurance

product that provides coverage to students. For this coverage, a student is a person

of any age enrolled in an educational institution or daycare center recognized by

governmental authorities. We refer to the product as “Student Health Insurance.”

Student Health Insurance pays for medical expenses due to an accident, permanent

incapacity, and funeral expenses, up to a maximum insured amount chosen by the

individual from a menu of options.

The choice set of Student Health Insurance includes four insured amount op-

tions. Each option j (j = 1, 2, 3, 4) in a menu corresponds to a maximum insured

amount Mj in case of an adverse event, where M1 < M2 < M3 < M4. The pre-

mium pj for option j does not vary across individuals. Student Health Insurance

coverage is annual, and, after expiration, individuals must actively renew the pol-

icy. Each time, insurance agents present to the individuals the menu of options

and the new conditions, such as any changes in premiums, copays or deductibles.

The insurance company changed the Student Health Insurance menu five times

during the years that span our data, with changes to premiums, copays, and de-

ductibles. However, the options for maximum insured amounts did not change

over time. To ensure comparison of monetary amounts across the years, we con-

vert the quantities to real amounts using a medical care price index.3 Moreover,

to protect the identity of the company, we indicate each period where a menu was

available by ti, and through the chapter, we normalize all monetary amounts such

3For nominal premiums and nominal insured amounts, we use the price index corresponding
to the first month when each change took effect.

44



that the real premium for Option 1 in period t1 is 1. Given this normalization,

Table 2.1 presents the available choice menu for each period (again, in any period,

the premiums are the same for all households).

Table 2.1: Student Health Insurance-Menu

Period
Option 1 Option 2 Option 3 Option 4

M1 M2 M3 M4

214.13 428.27 856.53 1284.80
t1 1 1.88 3.68 5.47
t2 1.82 2.22 3.92 5.82
t3 1.97 2.57 4.94 6.52
t4 1.91 3.24 5.53 7.24
t5 3.09 4.36 6.90 7.26

Notes: For Option j (j = 1, 2, 3, 4), Mj represents the maximum
insured amount in case of an adverse event. Monetary amounts
normalized such that real premium for Option 1 in period t1 is 1.

Besides changes in premiums, the company also implemented changes in copays

and deductibles. Table 2.2 summarizes the four different regimes. In periods t1

to t4, the copay and deductible were the same regardless of the option chosen. In

period t1, there was a copay of 5% and a zero deductible. In periods t2 and t3,

there was no copay and no deductible. In period t4, there was a 15% copay and

a deductible of 3.81. Finally, in period t5, there was no deductible, and the copay

depended on the maximum insured amount that was chosen.

Table 2.2: Student Health Insurance-Copay-and-Deductible Regimes

Regime Period Deductible Copay (%)
1 t1 0 5
2 t2, t3 0 0
3 t4 3.81 15

4 t5 0
25 for Option 1
20 for Option 2

15 for Options 3 & 4

Notes: Monetary amounts normalized such that real premium for
Option 1 in period t1 is 1.

The insurance company offers Student Health Insurance in two forms. The first
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form is “individual insurance,” and it corresponds to the standard insurance where

people go to a branch and buy a policy. The second form is “collective insurance,”

where an educational institution signs a contract with the company to insure all

of its students. Both the individual and collective insurance have the same rules

and had the same copay-and-deductible regimes at the same time. A key feature

of collective insurance is that 67% of the educational institutions assign the same

insured amount to all their students, allowing us to shut down the adverse selection

channel.

One might be concerned that in collective insurance parents are choosing ed-

ucational institutions on the basis of the insurance provided by the institution,

and consequently, this introduces a source of endogeneity in the insured amounts

assigned to the students. However, this is unlikely to be the case. Individuals in

educational institutions where parents pay tuition (private and subsidized educa-

tion) account for nearly 75.3% of our collective-insurance sample. According to

the household income and expenditure survey, the annual average tuition in educa-

tional institutions is 788.72 (median 448.57). Individual Student Health Insurance

is available for any student under the same terms and conditions as the collective

version, and in this case, the annual premium for the most comprehensive coverage

is less than 10. Therefore, if parents only care about the insurance coverage, they

could have the highest insured amount at lower cost using the individual modality

instead of paying tuition. In general, access to health insurance does not constitute

a determinant for choosing private education, surpassed by quality education, in-

frastructure, better technological resources, or more intensive teaching of a foreign

language.

For each policy in the time window, the data record the issue date and the
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insured amount chosen. Moreover, the data contain for each policyholder their date

of birth, gender, and place of residence. The data also include the claims associated

with each policy and specify the event that happened to the policyholder. We

construct panel data for each individual based on their renewal times.

The full dataset includes more than 80,000 individuals over six consecutive

years during the time window between 2010 and 2018. However, because the

insurance covers students, most policyholders in the full dataset are relatively

young (91.05%<18 years). For them, it is likely that a third party, such as their

parents, makes the insurance and medical utilization decisions. Therefore, to avoid

mixing populations with different decision environments, we drop all individuals

older than 24 years old. Hence, the analysis perhaps is best interpreted as reflecting

preferences of parents for their children.

The data also record the claim history for each policy and describe the reason.

The occurrence of permanent incapacity and funeral expenses in our dataset is

extremely low: 11 deaths and two incapacities. Therefore we ignore these possibil-

ities and assume that, effectively, the coverage is exclusively for medical expenses

due to an accident. Using claim histories, we can construct total medical spending

for each policyholder during each policy term.

Moreover, for three out of the six years that we analyze, the company also

provided line-item claim data. For each claim, the data includes diagnostic, pro-

cedures, and spending. The line-item claim data encompasses 75% of the claims

in the individual sample and 52% in the collective sample.

After dropping individuals older than 24 years old, the total number of pol-

icyholders in our individual sample is 32,187 (53,924 individual-years). In the
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collective sample, we also drop all individuals older than 24 years old, and we keep

only institutions that do not allow for different insurance coverage. In the end,

the collective-insurance sample consists of 27,019 policyholders (49,876 individual-

years). Besides the information included in the individual data, the collective-

insurance data record the policyholder’s educational institution. We matched this

information with educational institution information provided by the Ministry of

Public Education on type of school, funding, location, and the number of students.

Table 2.3 provides descriptive statistics for the individual and collective sam-

ples, as of time of first purchase. All differences in observable characteristics be-

tween the samples are statistically significant at the 5% level. On average, the

individual sample has older students, fewer females, and a higher percentage of

students in primary school and college than the collective sample. To compare

both samples and control for the differences in observable characteristics, in Sec-

tion 2.4.3 we estimate a random-effect logit model pooling both samples.

Tables 2.4 and 2.5 summarize the distribution of choices in the individual sam-

ple and collective sample for each period respectively. The lowest-insured-amount

option is more prevalent in the individual sample than in the collective sample.

The difference in choices is because educational institutions are doing the choosing,

not individuals.

About 98.19% of individual-year observations in the individual sample and

97.81% in the collective sample do not report any medical expenses. Figure 2.4

graphs the distribution of medical spending conditional on positive utilization. The

average medical spending is 57.25 (median 33.98) in the individual sample, and in

the collective sample is 67.49 (median 48.89).
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Table 2.3: Student Health Insurance-Descriptive Statistics

Individual Sample Collective Sample
Variable Mean SD Mean SD
Age (years) 12.245 4.47 11.737 4.69
Female (=1) 0.495 0.504
National (=1) 0.981 0.955
Kindergarten/Daycare (=1) 0.123 0.156
Primary School (=1) 0.425 0.371
High School (=1) 0.370 0.467
Academic High School (=1) 0.304
Technical High School (=1) 0.163
College (=1) 0.081
Others (=1) 0.006
Public Education (=1) 0.247
Private Education (=1) 0.541
Subsidized Education (=1) 0.212
Urban (=1) 0.934
Average number of students 707.889 456.71

Period of first purchase
t1 (=1) 0.398 0.058
t2 (=1) 0.159 0.687
t3 (=1) 0.143 0.058
t4 (=1) 0.265 0.192
t5 (=1) 0.035 0.006

Notes: Individual Student Health Insurance sample of 32,187 individuals and
Collective sample of 27,019 individuals.

Table 2.4: Individual Student Health Insurance-Distribution of Choices

Period
Option 1 Option 2 Option 3 Option 4

NM1 M2 M3 M4

214.13 428.27 856.53 1284.80
t1 81.19% 15.13% 2.25% 1.42% 14,556
t2 81.83% 14.48% 2.34% 1.35% 9,836
t3 81.63% 14.27% 2.22% 1.89% 9,162
t4 80.67% 14.51% 2.34% 2.48% 16,793
t5 84.90% 10.32% 2.60% 2.18% 3,577

Notes: Individual Student Health Insurance sample of 32,187 individuals
(53,924 individual-years). For Option j (j = 1, 2, 3, 4), Mj represents the
maximum insured amount in case of an adverse event. Monetary amounts
normalized such that real premium for Option 1 in period t1 is 1.
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Table 2.5: Collective Student Health Insurance-Distribution of Choices

Period
Option 1 Option 2 Option 3 Option 4

NM1 M2 M3 M4

214.13 428.27 856.53 1284.80
t1 50.00% 50.00% 1,554
t2 54.69% 41.72% 0.95% 2.64% 19,490
t3 61.31% 33.91% 1.51% 3.27% 14,090
t4 66.19% 30.27% 1.46% 2.08% 12,832
t5 89.53% 1.36% 9.11% 0% 1,910

Notes: Collective sample of 27,019 individuals (49,876 individual-years). For
Option j (j = 1, 2, 3, 4), Mj represents the maximum insured amount in case
of an adverse event. Monetary amounts normalized such that real premium for
Option 1 in period t1 is 1.

Figure 2.4: Distribution of medical expenditures, conditional on positive utiliza-
tion.
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Notes: Monetary amounts normalized such that real premium for Option 1 in period t1 is 1. The
x-axis is truncated at 700. The percentage of positive claims truncated in the individual-insurance
sample is 0.92%, and in the collective-insurance sample is 0%.
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2.3.1 Revisiting the Evidence of Public versus Private

Healthcare Utilization for the Student Health Insur-

ance Sample

It is worth returning to the discussion in Section 2.2 to analyze the pattern of

public versus private healthcare utilization for the Student Health Insurance pol-

icyholders. One way to approach the analysis is to use line-by-line health claims

in our data. A second way to approach the analysis is to take advantage of the

fact that the household income and expenditure survey specifically asks whether

one has purchased Student Health Insurance. All in all, we find that Student

Health Insurance customers exhibit a pattern of public versus private healthcare

utilization similar to the pattern that we describe in Section 2.2, i.e., using private

healthcare for relatively low-cost procedures and switch to public healthcare for

serious illness.

The first approach is to use line-by-line health claims, including detailed infor-

mation on procedures and spending. Figure 2.5 depicts the distribution of claims

by healthcare services. Customers use Student Health Insurance mostly for out-

patient hospital, office visits, diagnostic tests, and medications, representing 91%

of claims in the individual-insurance sample and 86% of claims in the collective-

insurance sample. Figure 2.6 presents the distribution of total claim spending.

Again, outpatient hospital, office visits, diagnostic tests, and medications account

for most of the spending. These categories represent approximately 79.8% of total

spending in the individual-insurance sample and 85.1% of total spending in the

collective-insurance sample.

The second approach is to use the household income and expenditure survey,
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Figure 2.5: Student Health Insurance. Distribution of claims by healthcare ser-
vices.
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Source: Authors’ calculations based on line-by-line health claims data.

Figure 2.6: Student Health Insurance. Distribution of total claim spending.
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Source: Authors’ calculations based on line-by-line health claims data.

that contains information on insurance purchases, including Student Health Insur-

ance purchases. Although it does not necessarily correspond to purchases from

the same company we study, we can utilize this information to identify house-

holds that, as in our sample, have Student Health Insurance and have at least one

member younger than 24 years old enrolled in an educational institution. Figures

2.7 and 2.8 replicate Figures 2.2 and 2.3 for the subset of households that report
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having purchased Student Health Insurance. Much as before, conditional on using

any healthcare system, households use the private healthcare system mostly for

medications, medical consultations, medical imaging, and laboratory tests. For

hospitalizations and complex treatments, more than 96% of households use pub-

lic healthcare. Moreover, for households that bought Student Health Insurance,

health spending in the private healthcare system represents on average 2.87% of

total household expenditures (median 1.11%). We find that nearly 67.92% of the

health expenses correspond to medical and dental consultations and medications,

while more expensive procedures account for 1.88%.

2.4 Evidence of Selection Based on Asymmetric Informa-

tion

In this section, we present reduced-form evidence of the presence of asymmetric

information in Student Health Insurance. One of the most widely used approaches

to identify asymmetric information is the positive correlation test (Chiappori and

Salanié, 2000). The positive correlation test compares the claim rates of individuals

with different levels of coverage and can be indicative of both adverse selection

and moral hazard. Under the presence of adverse selection, high-risk individuals

may self-select into higher coverage options. Consequently, claims and coverage

should be positively correlated. Similarly, moral hazard can also produce the

same positive correlation between claims and coverage when individuals who are

identical before buying the insurance modify their behavior in response to different

incentives offered by each plan, in particular, individuals with more coverage have

more incentive to use the plan.
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Figure 2.7: Student Health Insurance Households. Conditional on receiving medi-
cal services, where households obtain it.
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Source: Authors’ calculations based on a household income and expenditure survey conducted
between 2010 to 2015. The sample is restricted to households that report having Student Health
Insurance (not necessary form the same insurance company we analyze), and at least one member
younger than 24 years-old enrolled in an educational institution. Error bars show 95% confidence
interval.
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Figure 2.8: Student Health Insurance Households. Distribution of total household
spending in private healthcare.

30.6%

12.3%

1.6%
5.1%

25.0%

7.6%

17.5%

Medication Medical Consultation
Hospitalization Complex Treatment
Laboratory Tests Dental Consultation
Medical Imaging Therapeutic Devices

Source: Authors’ calculations based on a household income and expenditure survey conducted
between 2010 to 2015. The sample is restricted to households that report having Student Health
Insurance (not necessary form the same insurance company we analyze), and at least one member
younger than 24 years-old enrolled in an educational institution.

Despite it being typically hard to disentangle moral hazard from adverse section

using a positive correlation test, the existence of the individual and collective

samples allow us to address this problem. First, consider the effect of insured

amounts on claim rates. In the individual sample, any relationship between insured

amounts and claim rates can arise either from adverse selection or moral hazard.

On the other hand, in the collective insurance, the adverse selection channel is

shut down; consequently, any effect purely reflects moral hazard. Therefore, after

controlling for any difference in characteristics between the samples, any difference

in the impact of insured amounts on claims rates is due to adverse selection, and any

shared effect is due to moral hazard. Second, consider the effect of the copay-and-

deductible regime on claim rates. Under the assumption that changes in copays

and deductibles do not affect participation in the plan, the copay-and-deductible

effect reflects moral hazard in both the individual and collective samples. In this
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section, we proceed with the analysis following this reduced-form logic.

2.4.1 Individual Insurance

We begin the analysis with the individual health insurance sample. Table 2.6

shows a positive relationship between the insured amount chosen and claim rates.

The group with the highest insured amount (Option 4) has a claim rate of 10.42%,

about ten times higher than the group with the lowest insured amount (Option 1).

The claim rates between groups are statistically different at the 1% significance

level.

Not only do individuals with higher insured amounts have higher claim rates,

but they also claim higher amounts. Table 2.6 presents evidence of a positive rela-

tionship between the insured amount and claim amounts. Conditional on positive

utilization, the group with the highest insured amount (Option 4) has an average

claim amount three times higher than the group with the lowest insured amount

(Option 1). Except for Options 3 and 4, the difference in average claim amounts

between groups is statistically significant at 1% level.

To study the correlation between insured amounts and claim rates after con-

trolling for the copay-and-deductible regime, we restrict attention to regimes 1 to

3 where copays and deductibles are the same regardless of the insured amount (see

Table 2.2). Rows A to C in Table 2.7 show that in each of these regimes the claim

rates are increasing in the insured amount chosen. On average, the difference in

claim rates between the highest and the lowest insured amount group is ten per-

centage points. In every regime, the differences between the lowest insured amount

group (Option 1) and the highest insured amount group (Option 4) is statistically
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Table 2.6: Individual Student Health Insurance-Claim Rates and Average Claim
Amounts by Insurance Options

Insured Amount
Option 1 Option 2 Option 3 Option 4

M1 M2 M3 M4

214.13 428.27 856.53 1284.80
Claim Rate 1.09% 3.86% 7.22% 10.42%
N 43,930 7,739 1,247 1,008

Average Claim 41.15 50.43 90.34 121.89
(35.08) (55.02) (140.36) (238.51)

N 480 299 90 105

Notes: Individual Student Health Insurance sample of 32,187 individuals
(53,924 individual-years). For Option j (j = 1, 2, 3, 4), Mj represents the
maximum insured amount in case of an adverse event. Monetary amounts
normalized such that real premium for Option 1 in period t1 is 1. Standard
deviation in parentheses. The average claim amount is conditional on positive
utilization.

different at 1% level.

Rows A to C in Table 2.7 also show that in each of these regimes the average

claim amount is increasing in the level of insured amount chosen. Conditional on

positive utilization, the average amount claimed by the highest insured amount

group (Option 4) is approximately three times higher than the average amount

claimed by the lowest insured amount group (Option 1). However, except for

the zero-copay regime, the difference is not statistically significant at conventional

levels. Taken together, the results in Table 2.6 and Rows A to C in Table 2.7 on

the positive relationship between insured amounts and claim rates (claim amounts)

are indicative of the presence of asymmetric information in the individual sample,

and can be considered as a joint test of adverse selection and moral hazard.

Next, we compare how different copay-and-deductible regimes impact claim

rates and average claim amounts. Table 2.8 shows an inverse relationship between

copay and deductibles and claim rates. While the claim rate is 2.6% under zero
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Table 2.7: Individual Student Health Insurance-Claim Rates and Average Claim
Amounts by Insurance Options and Copay-and-Deductible Regime

(1) (2) (3) (4)
Insured Amount

Regime
Option 1 Option 2 Option 3 Option 4

M1 M2 M3 M4

214.13 428.27 856.53 1284.80

(A) 0% copay

Claim Rate 1.66% 5.71% 8.55% 13.73%
N 15,528 2,731 433 306

Average Claim 45.64 52.57 97.83 183.10
(37.21) (55.17) (143.48) (297.72)

N 258 156 37 42

(B) 5% Copay

Claim Rate 1.00% 2.77% 6.10% 10.63%
N 11,818 2,203 328 207

Average Claim 38.11 51.00 69.02 123.22
(29.21) (60.86) (76.95) (251.54)

N 118 61 20 22

(C)
15% copay +

3.81 Deductible

Claim Rate 0.74% 3.24% 7.89% 9.59%
N 13,547 2,436 393 417

Average Claim 33.78 45.31 99.51 58.91
(34.77) (50.75) (170.93) (127.20)

N 100 79 31 40

Notes: Individual Student Health Insurance sample of 32,187 individuals (53,924 individual-years). For
Option j (j = 1, 2, 3, 4), Mj represents the maximum insured amount in case of an adverse event.
Monetary amounts normalized such that real premium for Option 1 in period t1 is 1. Standard deviation
in parentheses. The average claim amount is conditional on positive utilization.

copay, the claim rate drops to 0.13% for 25% copay (the highest copay observed

in the dataset). Conditional on positive utilization, the average claim amount is

more than two times higher in the zero-copay regime than in the 25% regime. All

these differences are statistically significant at the 1% level.

It is possible to control for the influence of insured amounts. Columns (1) to (4)

of Table 2.7 shows that for every insured amount an increase in copays from zero

to a positive amount decreases claim rates. For Options 1 and 2, the reductions

in claim rates are statistically significant at 1% level. Columns (1) to (4) of Table

2.7 also show that an increase in copays from zero to a positive amount reduces

58



the average claimed amount conditional on positive utilization. However, it is only

statistical significant at the 5% level for Option 1.

We interpret the negative relationship between copays and deductibles and

claim rates as reflecting moral hazard. However, it is important to highlight two

caveats to this interpretation. The first caveat is that in regime 4, the copays

depend on the insured amount chosen (see Table 2.2). Therefore, the claim rates

for the 15%, 20%, and 25% copays can partly reflect adverse selection.

The second caveat is that the copay-and-deductible regime can affect insurance

choices or participation in the plans. For example, lower copays can attract more

risky individuals. However, this is unlikely to be the case. First, according to the

evidence that Table B.1 in Appendix B.1 provides, the distribution of choices is

constant across copay-and-deductible regimes, suggesting small selection arising

because people move between insured amounts. Second, in Table B.2 in Appendix

B.2, we compare people who bought insurance under different regimes using a

random-effect logit model, and we also obtain a negative relationship between

copays and deductibles and claim rates.

Table 2.8: Individual Student Health Insurance-Claim Rates and Average Claim
Amounts by Copay-and-Deductible Regime

Copay-and-Deductible Regime

25% copay 20% copay 15% copay 5% copay 0%
15% copay +

3.81 Deductible
Claim Rate 0.13% 0.81% 1.75% 1.52% 2.60% 1.49%
N 3,037 369 171 14,556 18,998 16,793

Average claim 25.90 62.03 28.87 52.94 63.46 49.60
(20.85) (43.76) (13.60) (93.01) (109.95) (88.16)

N 4 3 3 221 493 250

Notes: Individual Student Health Insurance sample of 32,187 individuals (53,924 individual-years). Monetary
amounts normalized such that real premium for Option 1 in period t1 is 1. Standard deviation in parentheses.
The average claim amount is conditional on positive utilization.
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Tables 2.6 to 2.8 suggest the existence of asymmetric information in the Indi-

vidual Student Health Insurance. To confirm that the results are not driven by

covariates, we estimate a random-effect logit model. Our dependent variable is an

indicator variable equal to one if the policyholder filed a claim during each policy

term and equal to zero otherwise; and we assume that:

yit = ai + X′itβ + δt + γr + εit (2.1)

where ai is a normally distributed individual-specific intercept with standard de-

viation σa, Xit is a vector of individual characteristics (age, gender, educational

stage, and nationality), δt are time fixed effects (year and month), γr are region

fixed effects, and εit is a logistically distributed error term.

The results of the random-effect logit model are reported in Table B.3 in Ap-

pendix B.3. Table 2.9 shows the corresponding average marginal effects. Beginning

with a baseline set of individual characteristics as well as time and region fixed

effects, in Column (1) we add to the estimation the plan choice, in Column (2)

we add the copay-and-deductible regime, and in Column (3) we add both vari-

ables. Overall, the average marginal effect is increasing in the insured amount and

decreasing with the copay-and-deductible regime. All marginal effects are signif-

icant at 5% level. Note that the marginal effects in Column (3) are similar to

the marginal effects in Columns (1) and (2), suggesting little interaction between

plan choice and copays and deductible. From Column (3), we conclude that an

increase in the insured amount from the lowest to the highest option increases

in 8.3 percentage points the probability of a claim on average, and an increase in

copay from zero to 25% reduces the probability of a claim in two percentage points

on average. Therefore, the results of the random-effect logit support the evidence
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of asymmetric information found through our more simple comparisons.

Table 2.9: Individual Student Health Insurance-Average Marginal Effects-
Random-Effect Logit Model

Plan
Choice

Deductible
Policy

Plan Choice +
Deductible Policy

(1) (2) (3)
Option
1 vs vs
2 0.022∗∗∗ 0.022∗∗∗

(0.002) (0.002)
3 0.052∗∗∗ 0.053∗∗∗

(0.007) (0.007)
4 0.084∗∗∗ 0.083∗∗∗

(0.010) (0.009)
Policy
0% Copay vs vs
5% Copay -0.008∗∗∗ -0.008∗∗

(0.003) (0.003)
15% Copay -0.016∗∗ -0.020∗∗∗

(0.006) (0.003)
20% Copay -0.018∗∗∗ -0.019∗∗∗

(0.005) (0.004)
25% Copay -0.022∗∗∗ -0.020∗∗∗

(0.002) (0.003)
15% copay +

3.81 Deductible
-0.008∗∗∗ -0.008∗∗∗

(0.003) (0.003)
N 52,537 52,537 52,537

Notes: All regressions include demographic controls (age, age2, gender,
nationality plus interactions) as well as year, month, and region fixed
effects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Overall, in the individual-insurance sample, we find a positive relationship be-

tween insured amounts and claim rates (claim amounts). This insured-amount

effect can be indicative of either moral hazard or adverse selection. Also, we

find evidence of a negative relationship between copay-and-deductible regimes and

claim rates (claim amounts). In this case, because changes in deductible do not

affect choices or participation in the plan, the copay-and-deductible effect arguably
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reflects moral hazard.

2.4.2 Collective Insurance

Table 2.10 shows that, different from our findings using the individual sample, in

the collective sample we do not find a monotonic relationship between the insured

amount chosen and claim rates. The group assigned to Option 1 (Option 2) do not

have any significant difference in claim rates with the group assigned to Option 3

(Option 4). The positive correlation between claim amounts and insured amounts

also disappears in the collective insurance. Except for Option 1, the groups do

not show significant differences in average claim amounts conditional on positive

utilization. Given that the students receive the insured amount exogenously, ar-

guably the weakening of the positive correlation is a result of shutting down the

adverse-selection channel.

Table 2.10: Collective Student Health Insurance-Claim Rates and Average Claim
Amounts by Insurance Options

Insured Amount
Option 1 Option 2 Option 3 Option 4

M1 M2 M3 M4

214.13 428.27 856.53 1284.80
Claim Rate 2.19% 4.48% 1.84% 4.10%
N 30,278 17,596 759 1,243

Average Claim 56.68 74.16 118.46 90.58
(45.49) (73.57) (120.73) (100.03)

N 662 789 14 51

Notes: Collective Student Health Insurance sample of 27,019 individuals
(49,876 individual-years). For Option j (j = 1, 2, 3, 4), Mj represents the
maximum insured amount in case of an adverse event. Monetary amounts
normalized such that real premium for Option 1 in period t1 is 1. Standard
deviation in parentheses. The average claim amount is conditional on positive
utilization.
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We control for the copay-and-deductible regime in Rows A to C of Table 2.11,

finding that except for the 5% copay, in each regime there is not a clear pattern be-

tween claim rates and insured amounts. The average claim amount conditional on

positive utilization neither displays a positive correlation with the insured amount.

Different from our results in individual insurance where a positive relationship

emerged for each regime, in collective insurance having higher insured amount

does not translate into higher claim rates or higher average claim amount.

Table 2.11: Collective Student Health Insurance-Claim Rates and Average Claim
Amounts by Insurance Options and Copay-and-Deductible Regime

(1) (2) (3) (4)
Insured Amount

Regime
Option 1 Option 2 Option 3 Option 4

M1 M2 M3 M4

214.13 428.27 856.53 1284.80

(A) 0% copay

Claim Rate 2.43% 4.69% 2.76% 4.30%
N 19,297 12,909 398 976

Average Claim 60.72 76.82 140.84 95.86
(46.53) (71.94) (127.54) (108.29)

N 468 606 11 42

(B) 5% Copay

Claim Rate 0.77% 2.96%
N 777 777

Average Claim 22.67 151.83
(11.01) (129.17)

N 6 23

(C)
15% copay +

3.81 Deductible

Claim Rate 2.14% 4.07% 1.60% 3.37%
N 8,494 3,884 187 267

Average Claim 48.53 53.16 36.39 65.93
(42.12) (59.17) (23.43) (40.10)

N 182 158 3 9

Notes: Collective Student Health Insurance sample of 27,019 individuals (49,876 individual-years). For
Option j (j = 1, 2, 3, 4), Mj represents the maximum insured amount in case of an adverse event.
Monetary amounts normalized such that real premium for Option 1 in period t1 is 1. Standard deviation
in parentheses. The average claim amount is conditional on positive utilization.

Table 2.12 shows how different copay-and-deductible regimes impact claim rates

and average claim amounts. We do not consider 15% and 20% copays in the anal-

ysis because we have few observations (26 and 174 respectively). Similar to the
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results using individual insurance, an inverse relationship between copay and de-

ductibles and claim rates emerges. While the claim rate under a zero-copay regime

is 3.36%, the claim rate drops to 0.35% for 25% copay. Moreover, conditional on

positive utilization, the average claim amount is approximately three times higher

in the zero-copay regime than in the 25% regime. All these differences are signifi-

cant at the 1% level.

In Columns (1) to (4) of Table 2.11 we compare regimes conditional on the

insured amount, finding that the negative relation holds for each insured amount.

Except for the 5% copay in Option 2, Columns (1) to (4) of Table 2.11 also suggests

that increasing copays from zero to a positive percentage reduces the average claim

amount conditional on positive utilization in every insured amount.

Table 2.12: Collective Student Health Insurance-Claim Rates and Average Claim
Amounts by Copay-and-Deductible Regime

Copay-and-Deductible Regime

25% copay 5% copay 0%
15% copay +

3.81 Deductible
Claim Rate 0.35% 1.87% 3.36% 2.74%
N 1,710 1,554 33,580 12,832

Average claim 23.59 125.11 71.47 50.95
(19.30) (126.35) (66.20) (50.33)

N 6 29 1,127 352

Notes: Collective Student Health Insurance sample of 27,019 individuals
(49,876 individual-years). Monetary amounts normalized such that real pre-
mium for Option 1 in period t1 is 1. Standard deviation in parentheses. The
average claim amount is conditional on positive utilization.

As in our analysis of the individual insurance, we estimate equation (2.1) using

a random-effect logit model. The results of the random-effect logit model are

reported in Table B.4 in Appendix B.4. Table 2.13 shows the corresponding average

marginal effects. The results do not show any increasing relationship between claim
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rates and insured amount. In particular, the average marginal effect for Options

2 and 4 is not statistically different. On the other hand, except for the 5% copay,

the copay-and-deductible regimes are significant at the 1% level and suggests that

the average marginal effect is decreasing with the copay-and-deductible regime.

Similar to the individual-insurance case, the marginal effects in Column (3) are

roughly the same as the marginal effects in Columns (1) and (2), suggesting little

interaction between plan choice and copays-and-deductible regimes. From Column

(3), we conclude that an increase in copay from zero to 25% reduces the probability

of a claim in three percentage points on average.

Table 2.13: Collective Student Health Insurance-Average Marginal Effects-
Random-Effect Logit Model

Plan
Choice

Deductible
Policy

Plan Choice +
Deductible Policy

(1) (2) (3)
Option
1 vs vs
2 0.016∗∗∗ 0.013∗∗∗

(0.003) (0.003)
3 -0.007 -0.008

(0.006) (0.006)
4 0.025∗∗ 0.019∗

(0.011) (0.010)
Policy
0 Copay vs vs
5% Copay 0.006 0.004

(0.008) (0.007)
25% Copay -0.027∗∗∗ -0.026∗∗∗

(0.004) (0.004)
15% copay +

3.81 Deductible
-0.010∗∗∗ -0.008∗∗∗

(0.002) (0.002)
N 46,902 46,902 46,902

Notes: All regressions include demographic controls (age, age2, gender,
nationality plus interactions) as well as month and region fixed effects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Overall, in the collective-insurance sample, we find no monotonic relationship
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between insured amounts and claim rates (claim amounts), but we find evidence

of a negative relationship between copay-and-deductible regimes and claim rates

(claim amounts). Given the nature of the collective-insurance sample, arguably

adverse selection is irrelevant, and all the effects are a result of moral hazard.

2.4.3 Comparison Individual and Collective Insurance

The copay-and-deductible effects in the individual and collective samples (Sections

2.4.1 and 2.4.2, respectively) suggest the presence of moral hazard. On the other

hand, the insured-amount effect in the individual sample can be due to adverse

selection or moral hazard. However, because the adverse selection channel is shut

down in the collective sample, the lack of a positive correlation between insured

amounts and claim rates in the collective sample suggests that the positive insured-

amount effect in the individual sample is largely due to adverse selection.

To make a more explicit comparison of the samples, and to account for the dif-

ferences in observable characteristics that Table 2.3 shows, we estimate a random-

effect logit model pooling both samples. Our specification follows equation (2.1),

but we also include an indicator variable equal to one if policy i at time t belongs

to the individual insurance and zero otherwise, and also we include interactions

between plan choice and copay-and-deductible regime and the individual-insurance

indicator. The results of the random-effect logit model are reported in Table B.5 in

Appendix B.5. Table 2.14 shows the corresponding average marginal effects. The

main results of the analysis are unchanged, suggesting that the insured-amount

effect in the individual sample is a product of adverse selection.

In the individual sample, the average marginal effect is increasing in the insured
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amount. From Column (3) in Table 2.14 we conclude that an increase in insured

amount from the lowest to the highest option increases in 12 percentage points

the probability of a claim on average. On the other hand, in the collective sample,

the pattern is not monotonic, and an increase in insured amount from the lowest

to the highest option increases the probability of a claim 1.8 percentage points.

The lower magnitude of the insured-amount effect in the collective sample suggests

that adverse selection constitutes a higher share of the insured-amount effect in

the individual sample.

The average marginal effect is decreasing with the copay-and-deductible regime

in the individual and collective samples. An increase in copay from zero to 25%

reduces the probability of a claim in four percentage points on average in the

individual sample and two percentage points in the collective sample. Again, the

copay-and-deductible effect indicates moral hazard.4

2.5 Model

Thus far we have provided reduced-form evidence for the existence of both adverse

selection and moral hazard. In this section, we develop a model that incorporates

four sources of heterogeneity that could give rise to adverse selection and moral

hazard in this context: risk preferences, risk type, concern for health, and tastes for

convenience. Risk aversion impacts adverse selection, while the other three sources

impact both adverse selection and moral hazard. As we discuss in Section 2.2, the

4Recall from Section 2.4.1 that in regime 4 the copay and deductible depend on the insured
amount chosen, and consequently, the copay-and-deductible effect for the 15%, 20%, and 25%
copays could also be due to adverse selection. Tables B.6 and B.7 in Appendix B.6 show that
the results are virtually identical if we use a restricted sample in which we only consider regimes
1 to 3.
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Table 2.14: Comparison Individual and Collective Student Health Insurance-
Average Marginal Effects-Random-Effect Logit Model

Plan
Choice

Deductible
Policy

Plan Choice +
Deductible Policy

(1) (2) (3)
Individual Collective Individual Collective Individual Collective

Option
1 vs vs
2 0.034∗∗∗ 0.012∗∗∗ 0.034∗∗∗ 0.010∗∗∗

(0.003) (0.002) (0.003) (0.002)
3 0.074∗∗∗ -0.002 0.074∗∗∗ -0.003

(0.010) (0.005) (0.010) (0.004)
4 0.114∗∗∗ 0.024∗∗∗ 0.120∗∗∗ 0.018∗∗∗

(0.012) (0.008) (0.013) (0.007)
Policy
0% Copay vs vs
5% Copay -0.016∗∗∗ -0.002 -0.015∗∗∗ -0.004

(0.003) (0.004) (0.003) (0.004)
25% Copay -0.040∗∗∗ -0.020∗∗∗ -0.040∗∗∗ -0.020∗∗∗

(0.003) (0.002) (0.003) (0.002)
15% copay +

3.81 Deductible
-0.021∗∗∗ -0.007∗∗∗ -0.022∗∗∗ -0.005∗∗∗

(0.002) (0.001) (0.002) (0.001)
N 101,567 101,567 101,567

Notes: All regressions include demographic controls (age, age2, gender, nationality plus interactions) as
well as month and region fixed effects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

evidence suggests that tastes for convenience are a differentiating factor between

the public and private sector in our healthcare market. Moreover, previous studies

rarely emphasize selection based on tastes for convenience; therefore it constitutes

a novel contribution of our model.

Consider a consumer deciding whether to purchase Student Health Insurance

to cover against a potential monetized health shock, s ≥ 0. While s is ex-ante

unknown, we assume that the distribution of potential health shocks, F (s), is

known to the individual. Agents in our setting have access to public healthcare

services that will provide treatment up to s at zero cost. While publically-provided

healthcare entails zero financial costs, individuals incur hassle costs from seeking

this treatment. Private firms also offer treatment with no hassle costs, but charge
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an amount equal the health shock, s. If private treatment is sought, individuals

choose the desired level of medical utilization, m.

Agents are offered the opportunity to purchase insurance policy j ∈ {1, ..., J}

for the premium pj. Each policy reduces the cost of private treatment to cj(m)

given medical utilization level m. We order j such that it is increasing in the level

of coverage and zero denotes no insurance: 1 = c0(m) < c1(m) < ... < cJ(m) = 0

and 0 = p0 < p1 < ....pJ .

The decision problem of the agent can be modeled in two stages. In the first

stage, conditional on her information on expected subsequent health realization,

the consumer chooses the optimal private insurance policy. In the second stage, she

observes a realized health state and decides her optimal level of medical utilization

and whether to seek treatment in the public or private healthcare.

We now describe the consumer problem in detail. In the second stage, prefer-

ences associated with private insurance option j are assumed to be separable in

health and money:

uj(m; s, β) = h(m; s, β) + wj(m) (2.2)

where m denotes medical utilization and β indexes the degree to which the agent

values health relative to money. The first term, h(m; s, β), measures the benefit of

medical expenditures. The second term, wj(m), is final wealth given expenditure

m and policy j.

In the spirit of Ellis (1986) and Einav et al. (2013) we parametrize h(m; s, β)

and wj(m) as follows:

69



h(m; s, β) = − 1

ln(β)

(
m
(

1− ln
(m
s

))
− s
)
, where β ∈ (0, 1)

wj(m) = w0 − cj(m)− pj

where w0 is initial wealth, pj is the premium for policy j, and cj(m) is the out

of pocket cost of expenditure m. For illustration, suppose that all options have a

fixed copay such that for some cj ∈ [0, 1] the out-of-pocket cost is cj(m) = cjm.

Then, the first order condition with respect to medical utilization is,

1

ln(β)
ln
(m
s

)
− cj = 0 (2.3)

and hence optimal utilization for policy j is m∗j = βcjs. With no insurance (cj = 1),

agents will choose to consume medical services up to m∗j = βs < s. With full

insurance (cj = 0) they will choose m∗j = s. The difference between the full and

no insurance, (1 − β)s, can be considered a measure of excess private healthcare

consumption, or in the terminology of Einav et al. (2013), it measures ex-post moral

hazard. Therefore, larger β, i.e. greater intrinsic taste for healthcare, implies lower

moral hazard.

The indirect utility function of holding policy j and using private healthcare is

given by:

uj(m
∗
j ; s, β) =

−(1− βcj)
(− ln(β))

s+ w0 − pj.

In addition to private treatment, the consumer has access to public health

healthcare. In this case, there is no choice of medical utilization; agents receive

treatment equal to s at zero cost. However, although public health care is free of

charge, individuals incur a fixed cost, d(s, φ), that represents hassle costs in the
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form of longer waiting times or the absence of ancillary services. The function d

is assumed to be concave in s. φ parameterizes individual distaste for these costs.

For illustration, we impose the functional form d(s, φ) = φ
√
s, where φ > 0. Using

this specification of the hassle costs, the utility of public healthcare is,

uPublicj (s) = −φ
√
s+ w0 − pj. (2.4)

The consumer compares this utility to the indirect utility of receiving pub-

lic treatment. In other words, private treatment is preferred if uj(m
∗
j ; s, β) >

uPublicj (s), which holds if,

s <

(
φ(− ln(β))

−(1− βcj)

)2

≡ s̄j(β, φ). (2.5)

Equation (2.5) defines the consumer’s indifference point between public and

private healthcare. Private treatment will be sought whenever the health shock,

s, is below the indifference point, s̄j(β, φ). This captures the intuitive idea that

individuals will seek more convenient, but less comprehensive, private care for

relatively minor accidents, but will opt for more complete public care and incur

the hassle costs for more serious injuries.

The indifference point between public and private healthcare depends on three

factors. First, individuals are less likely to seek public care when the taste for

convenience, φ, are large. Second, agents are more willing to be treated in the

private sector as the marginal cost of utilization decreases. With full insurance,

cj = 0, private treatment will always be sought. With no insurance, cj = 1,

agents might still opt for private healthcare if the hassle cost of public services are

sufficiently high or the taste for healthcare is sufficiently low. Finally, the larger
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the disutility of the health shock, as indexed by β, the more likely agents are to

seek the more comprehensive public treatment.

Private healthcare utilization for health shocks below the consumer’s indiffer-

ence point between public and private healthcare is m∗j . Otherwise agents seek

public treatment. Utility is therefore,

v∗j (m; s, β, φ) =

 uj(m
∗
j ; s, β) if s < s̄j(β, φ)

uPublicj (s) otherwise.
(2.6)

To derive the optimal choice of coverage, we assume that individuals are ex-

pected utility maximizers. We further assume that utility takes the on the CARA

parameterization, u(x) = − exp(−rx), where the argument x is assumed to be

stage-two utility. The CARA parameterization allows us to abstract from initial

wealth, w0. Given F is known, the expected utility of option j is,

Vj(F, β, φ, r) = −
∫ ∞

0

exp(−rv∗j (m∗j ; s, β))dF. (2.7)

Optimal coverage is therefore given by,

j∗ = arg max
j
Vj(F, β, φ, r). (2.8)

In this model, the coefficient of risk aversion r capture risk preferences and can

generate adverse selection. The parameter β represents the concern for health, φ

the tastes for convenience, and the distribution of potential health shocks F (s) cap-

tures risk type. The last three elements can either contribute to adverse selection

or moral hazard.
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2.5.1 Identification

In future work, we plan to structurally estimate the model. The parameters of

the model will help us to analyze the relative importance of each dimension where

selection is operating. Also, the estimates can shed light on the degree of het-

erogeneity in preferences. Finally, the structural model will allow us to consider

the welfare implications of a market where the public and private sector interacts

providing healthcare services.

We consider identification of the model parameters with ideal data. In this

environment, ideal data consists of observing choice and utilization for the same

individual for infinitely many periods for any cj ∈ [0, 1]. First, note that for the

full insurance case, cJ = 0, individuals will always seek private treatment up to

si. Intuitively, both public and private care will offer s at zero financial cost, but

public care entails hassle costs. As a result, observed private medical utilization

in a given period will reveal the true health shock, s. As F0i is fixed over time,

observing the same individual’s utilization for infinitely many periods is sufficient

to reveal the distribution of health shocks, F0i.
5

With F0i known, we next turn to identification of the preference parameters

(β0i, φ0i). For some cj ∈ (0, 1) medical utilization is given by m∗ij = β
cj
0isi. Ob-

serving this utilization for infinitely many periods reveals the medical-utilization

truncation point mmax
ij , where

mmax
ij = β

cj
0i s̄j(β0i, φ0i) =

β
cj
0i (φ0i ln(β0i))

2

(1− βcj0i )
2

. (2.9)

For j = 1, 2, and without loss of generality, suppose that 0 < c1 < c2 < 1. Note

that mmax
ij is decreasing in cj and hence mmax

i1 > mmax
i2 . Theorem 2.1 shows how we

5The subscript 0 denotes the true distribution.

73



can identify (β0i, φ0i) given (mmax
ij , cj). Henceforth we omit the subscript i. The

proof is in Appendix B.7

Theorem 2.1. Suppose for any 0 < c1 < c2 < 1 we observe maximum utilizations

mmax
1 and mmax

2 . Then the preference parameters (β0, φ0) are identified.

Theorem 2.1 states that once the utilization cutoffs are observed for two distinct

policies, those cutoffs can be used to infer β. Once β is known, φ can be recovered

from equation (2.9). Note also that one implication of the model is that data

on medical utilization for values below mmax
ij also contribute to identifying the

parameter β because they take the form m∗j = βcjs. Therefore, the estimates do

not completely rely on identifying truncation points.

Conditional on Fi, βi and φi, the coefficient of absolute risk aversion, ri, is

the only remaining influence on choice. In particular, the optimal choice of j is

strictly decreasing in ri. Observing the choice of j for various copays cj ∈ [0, 1]

can therefore be used to recover ri.

2.6 Conclusion

In this chapter, we use household-level data on health-insurance choices and med-

ical utilization to analyze adverse selection and moral hazard in a healthcare mar-

ket where, besides a private healthcare sector, the government provides universal

healthcare. Although it is typically hard to disentangle adverse selection and moral

hazard, two features of our setting allow us to address the problem. First, while

the copay and deductible are fixed over the policy term, the company implemented

various changes in copays and deductibles during most of the years that span our
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data. Second, we have a collective version of the insurance where individuals ex-

ogenously received coverage. Our results suggest that asymmetric information,

both in the form of adverse selection and moral hazard, are quite important in the

private-health-insurance market. We also propose a model that embeds selection

based on risk aversion, risk type, concern for health, and tastes for convenience

provided in the private-healthcare sector. Our model highlights the role of selection

based on tastes for convenience, a dimension that previous studies rarely consider.

The results in our chapter suggest that while both adverse selection and moral

hazard are relevant, most of the impact of insured amounts on claims rates is the

product of adverse selection. However, in our context, adverse selection can orig-

inate from any of the four sources of heterogeneity embedded in our model. One

limitation of the reduced-form analysis we use throughout the chapter is that we

cannot disentangle each source, a step that is necessary to derive welfare implica-

tions. For example, if adverse selection originates mostly from tastes for conve-

nience, then it is not inefficient that the private-healthcare sector keeps most of

the high types, because people who value the private services the most will utilize

them. On the other hand, if adverse selection is a product of risk-type, then it

indicates that the insurance company should adjust premiums based on individual

characteristics (recall that all households pay the same premiums). The welfare

analysis can also shed light on how the cost borne by the government providing

universal healthcare affects the private-insurance market. For instance, optimal

pricing can change if the fact that people switching to the public sector to re-

ceive more expensive treatments serve as a subsidy to the insurance companies,

by reducing the cost of insuring customers. All this endeavor remains for future

work.
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CHAPTER 3

MULTINATIONALS AND DEVELOPMENT: EVIDENCE FROM

THE UNITED FRUIT COMPANY IN COSTA RICA

(This chapter was written in collaboration with Diana Van Patten, UCLA)

“It happened once that someone at the table complained about the ruin into which

the town had sunk when the banana company had abandoned it, and Aureliano

contradicted him with maturity and with the vision of a grown person. His point

of view, contrary to the general interpretation, was that Macondo had been a

prosperous place and well on its way until it was disordered and corrupted and

suppressed by the banana company...”

Gabriel Garćıa Márquez,

One Hundred Years of Solitude

3.1 Introduction

Multinational companies have been a major driver for the spread of global capi-

talism. As multinationals grew in number and scale, they began evoking mixed

feelings among the general public and policymakers, becoming heroes or villains

of the globalized economy. The attitudes towards multinational companies and

the debate it triggers have direct repercussions on the welfare of millions of peo-

ple through the willingness to support protectionist policies and anti-globalization

agendas. However, finding a domain in which one can clearly identify the impact

of a multinational has proven to be a challenge. The first difficulty is that most
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multinationals do not have a well-defined area of influence. The second challenge

is that multinationals do not choose their location randomly, and especially in the

case of agricultural companies, they want to exploit the more appropriate land for

its interests. We overcome both challenges by studying an agricultural multina-

tional with a well-defined and extensively documented boundary, which was the

product of a quasi-random allocation of land.

In particular, we study the case of the United Fruit Company (UFCo) in Costa

Rica. Founded in 1899, the UFCo was engaged in the cultivation and commercial-

ization of tropical fruits, primarily bananas. By 1930 the UFCo had become one

of the largest multinational corporations in the Western Hemisphere: it owned 3

million acres in Latin America (roughly the size of Connecticut) and controlled ap-

proximately 80% of the global banana production. While some commentators have

admired the UFCo for transforming jungles into centers of human activity with a

well-organized plantation economy,1 most have accused the UFCo of being respon-

sible for creating “Banana Republics”: politically unstable countries dependent on

a single exportation product produced by foreign enterprises.2

To identify the causal effect of the UFCo on its host country, we use a regres-

sion discontinuity (RD) approach. The approach compares units located in a close

distance but on different sides of the UFCo boundary where geographic character-

istics are balanced. Our setting is an ideal case study as there is historical evidence

1Palmer (1932, p. 271) wrote that “the opening of the nineteenth century was the dawn of a
new era for the countries of the Caribbean. Until that time, these countries had been sparsely
populated, and the lowlands had been unoccupied except by poison snakes, ferocious animals,
myriads of insects, and dreaded diseases. [...] The scene was changing. [...] American engineers
are invading the jungles with steam shovels. Swamps are being drained and axes are heard
ringing in the woodland. Fruitful banana plantations are appearing as if by magic.”

2Kepner and Soothill (1935, p. 336) denounced that the United Fruit Company “has throttled
competitors, dominated governments, manacled railroads, ruined planters, choked cooperatives,
domineered over workers, fought organized workers, and exploited consumers. Such usage of
power by a corporation of a strongly industrialized nation in relatively weak foreign countries
constitute a variety of economic imperialism.”
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of a quasi-random assignment of some portion of the land allocated to the UFCo.

In 1904 the government issued a decree to clarify differences in the interpretation

of previous land concession granted to the company. The decree announced some

wastelands as state property, and specified that the property rights over these lands

should be sold only to nationals and restricted its use to agricultural colonization.

Because at that time the Atlantic Coast of Costa Rica was hardly explored, the

drawing of the boundaries was arbitrary and based on salient features of the en-

vironment. For example, the decree stipulates among the limits “an imaginary

line from the intersection between Toro Amarillo river with the old railroad up to a

point in the coast located five miles northeast from the mouth of Tortuguero river.”

(ANCR, 1904, p. 44)

Together with this quasi-random design of the boundary, the availability of

disaggregated data is a key aspect of our identification strategy. We use restricted

access census micro-data available for 1973, 1984, 2000, and 2011, geo-referenced

at the census block level. The census block is the smallest territorial division of the

country, and its level of disaggregation allows us to compare households in a close

distance, including values as small as 1 kilometer (km). Since the multinational

operated in the region of our study from 1899 to 1984, our dataset starts at a

time when the company was functioning and spans up to three decades after it

stopped production. We, therefore, explore both the contemporaneous effect of

the UFCo’s presence, as well as its short-, medium- and long-run effects on the

region’s economic development.

We find that the UFCo had a positive and long-lasting impact on the regions

where it operated. Households living in former UFCo areas are less likely of having

an unsatisfied basic need in any of the dimensions we consider (housing, sanitation,
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education, and consumption capacity), and in general, are 12 percentage points

less likely of being poor than households living outside. When we disentangle the

dynamic of the UFCo effect, we find that it is persistent over time, but it shows

some evidence of convergence. For example, the difference in the severity of poverty

in the two regions has decreased. While in 1973 households within the UFCo

plantations have 0.67 less unsatisfied basic needs than households outside, in 2011

the difference drops to 0.13. Further, collecting data from primary sources, we are

able to speak to plausible mechanisms behind our findings. Before the company’s

arrival, the region was isolated and sparsely populated, and transforming these

areas into plantations required a series of investments. We identify investments in

physical and human capital carried out by the UFCo, such as hospitals, housing

provision, roads, railroads, sanitary programs, and schools, as probable relevant

mechanisms behind our results. That said, it is worth to highlight that we focus on

the economic outcomes of regions nearby the company landholdings. Our analysis

is not able to say whether the company had a positive impact on every aspect of

life, or for the country as a whole.

A potential concern regarding our counterfactual is that our results are driven

by lower levels of government spending in the vicinity of the company, i.e., that

the UFCo crowded out public investment in nearby regions. Using primary public

investment data we collected from the Comptroller General of the Republic of

Costa Rica (Contraloŕıa General de la República de Costa Rica), we rule out this

hypothesis by showing that government spending per capita was not different in

UFCo municipalities.

As a falsification test, we draw placebo borders by moving the real border 2 km

both inwards and outwards and re-run our analysis. Because with placebo borders
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we are comparing households exposed to the same treatment, we should not expect

to find any effect. Consistent with this hypothesis, all the estimates using placebo

borders are economically and statistically insignificant, suggesting that our results

capture a specific UFCo effect.

Our results are robust to different specifications of the RD polynomial, and to

varying control variables. Moreover, exploiting the disaggregation in our data at

the census block level, we compare households within a distance of one kilometer

from the UFCo boundary, obtaining similar results. We also verify that migra-

tion is not driving our results by obtaining the same estimates after dropping all

households with any member who previously had a different place of residence; and

by showing that the UFCo effect is the same between households engaged in the

agricultural sector (for whom selective migration should have been more stronger)

and households in other economic sectors. As an additional robustness check we

use nighttime lights data, and we find a higher luminosity in the former UFCo

areas, a proxy for higher levels of income and economic activity.

The results of our chapter contribute to several strands of the literature. First,

our chapter is related to a growing body of literature which analyzes the long-

run impact of historical institutions on economic development (e.g., Banerjee and

Iyer 2005; Gennaioli and Rainer 2007; Iyer 2010; Michalopoulos and Papaioannou

2013). Our chapter complements this literature by analyzing outcomes during the

company’s tenure, when the institutions were being formed, along with the short-,

medium- and long-run effects of these institutions. Furthermore, while most of the

existing literature on the long-run impact of historical institutions on economic

development have considered settings where labor was coercive (the slave trade

[Nunn, 2008], the mita system [Dell, 2010], the forced rubber cultivation [Lowes
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and Montero, 2016], or the Dutch Cultivation System [Dell and Olken, 2017]),

we study an institution within the context of global free-market capitalism. In

contrast to most of the literature which has found long-run negative economic

impacts due to institutional persistence, we find a positive effect of the UFCo.

Similar to Dell and Olken (2017), who also found a positive effect, in our case the

investments carried out by the company can explain the results.

Furthermore, our chapter uses a novel dataset that contains geo-referenced

information of the census block where each household is located, collected across

several censuses. This feature of the dataset allows us to work at a higher level of

disaggregation and gives us more flexibility to test the robustness of our results.

This level of disaggregation is rarely available, especially in developing countries,

and is key when performing a geographic RD to precisely identify observations

at a nearby distance. On this line, we complement previous work using RD on

developing countries at a higher level of aggregation (e.g. district level like Dell

(2010) and Dell et al. (2015); or village level like Lowes and Montero (2016)), by

conducting a finer analysis that can get very close to the boundary increasing the

precision of the results, and including placebo tests that move the boundary only

a few kilometers.3

Our chapter also speaks to the debate on the effects and spillovers of Foreign

Direct Investment (FDI). Empirical studies of the effects of FDI have produced

mixed evidence. While some studies find evidence of FDI being beneficial using

macro- and micro-data (e.g., Blomstrom 1986, Blomstrom and Wolff 1989, Lipsey

2002, Smarzynska Javorcik 2004, Harrison and Rodŕıguez-Clare 2009), others are

not so optimistic about these benefits, especially for developing countries (e.g.,

3One exception is Becker et al. (2016), that uses a level of aggregation based on electoral reg-
isters or census enumeration areas. However, their dataset is representative only at the national
level.

81



Aitken and Harrison 1999 , Borensztein et al. 1995, Xu 2000, Alfaro et al. 2003,

Alfaro and Charlton 2007). We provide novel micro-evidence of the benefits of

large-scale FDI through our historical setting, arguing that, even in the case of

the multinational that inspired the term “Banana Republic,” we find evidence of

positive and persistent effects.

Finally, our chapter also contributes to the study of the legacy of the UFCo,

one of the largest and most controversial multinationals in history. With arms over

both economic and political spheres in many Latin American countries, the UFCo

became known as El Pulpo (the octopus). Therefore, it is not surprising that the

company inspired an extensive body of literature, ranging from fiction works to

academic research.4 Virtually all studies that rely on quantitative data consider

the impact of the UFCo at the aggregate level, analyzing national or local trends

in productivity, land patterns, export levels, and labor mobility (e.g., Casey 1979;

Ellis 1983; Viales 1998; Royo 2009). To the best of our knowledge, our chapter is

the first analysis of the legacy of the UFCo using microeconomic data to obtain

quantitative estimations regarding its impact.

The rest of the chapter is organized as follows. Section 3.2 provides an overview

of the historical background. Section 3.3 includes details of the data used in our

analysis. We describe our estimation framework in Section 3.4. Section 3.5 includes

our results and a discussion about the mechanisms behind our findings. Finally,

Section 3.7 concludes.

4Some examples of fiction works inspired by the relationship between the UFCo and the
Latin American countries are the novels: “Mamita Yunai” by Carlos Luis Fallas, the “Banana
Republic Trilogy” (“Strong Wind,” “Green Pope,” and “The Eyes of the Interred”) by Miguel
Ángel Asturias, and “One Hundred Years of Solitude” by Gabriel Garćıa Márquez.
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3.2 Historical Background

3.2.1 The United Fruit Company: An Octopus in Latin

America

The United Fruit Company (UFCo) was founded in 1899 and was engaged in the

banana business. The banana is a fruit that perishes quickly and easily. To avoid

losses, the UFCo coordinated the whole banana production process from the begin-

ning to the end.5 Through its investments in all production stages, the company

became the first vertically integrated fruit multinational (Jones, 2005, p. 51). The

UFCo acquired lands in scarcely populated humid lowlands and transformed these

lands from tropical forests to plantations and towns that revolved around banana

activity. To increase labor efficiency in remote locations threatened by tropical

diseases, the UFCo provided healthcare, housing, and sanitation to its workers.

The UFCo also invested in infrastructure, such as wireless communication sys-

tems to coordinate the whole process, and railroads to carry the bananas from

the plantations to the ports. Once in the ports, the bananas were shipped to the

United States and Europe in the company’s vessels, known as the Great White

Fleet. Finally, the bananas were distributed to wholesale and retailers through its

subsidiaries.6

In three decades, the UFCo became the world’s largest banana producing and

5See Cutter (1926) or Palmer (1932) for a detailed account of the UFCo banana production
stages.

6The UFCo was responsible for popularizing bananas and changing consumption patterns.
While in the 1880s bananas were considered an expensive and exotic fruit in the United States,
by 1910 they already were part of daily diet. Mass consumption of banana in the United States
was mostly a result of the UFCo advertising bananas as convenient, delicious, and nutritious;
through recipe books, films, songs, and educational materials for classroom use (Jenkins, 2000).
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marketing corporation, consolidating a monopoly in the banana market (Ellis 1983,

p. 42; Bucheli 2005, p. 49). By 1930, production from the UFCo represented close

to 80% of the global banana production. According to the UFCo’s Annual Reports

to the Shareholders, by 1930, the company landholding reached 13,339.12 km2

(roughly the size of Connecticut). The company operated in Colombia, Costa Rica,

Cuba, Dominican Republic, Ecuador, Guatemala, Honduras, Jamaica, Nicaragua,

and Panama (May and Lasso, 1958, p. 104). Although its principal product was

bananas, the UFCo also produced sugar, cacao, oil palm, abacá (Manila hemp), and

rubber. After 1930, the hegemony of the UFCo was affected by several challenges

(Wiley, 2008, p. 37-38). First, a fungus, known as Panama disease, wiped out the

output of entire plantations. Then, the Great Depression and Second World War

reduced the demand in consumer countries.

After 1950, the challenges to the UFCo hegemony continued as a result of a

different environment in its host countries, in the US, and in the banana industry.

In its host countries, the UFCo faced increased labor union activity and growing

nationalism (Wiley, 2008, p. 69). In the US, the Department of Justice filed a case

against UFCo for violating antitrust legislation that forced the company to sell

part of its holdings (Bucheli, 2005, p. 61). Finally, in 1956 the banana industry

had a major technological transformation when the UFCo’s main rival, Standard

Fruit Company, introduced a variety of banana that was resistant to the Panama

disease (Ellis, 1983, p. 176-178). More problems followed, as in 1974, Hurricane Fiji

destroyed 70% of the company’s plantations in Honduras (Mirabile and Derdak,

1990, p. 595). By 1984, the company made significant divestitures by selling several

subsidiaries and focusing mainly on marketing bananas, buying the product from

local producers.
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3.2.2 Banana Plantations and the United Fruit Company

in Costa Rica

The history of banana plantations in Costa Rica goes back to the construction

of a railroad to the Caribbean Coast. Since the 1840s, coffee rapidly expanded

and became virtually the single Costa Rican export product, representing around

90% of total exports between 1840 and 1890 (Hall, 1978, p. 41). However, even

though Europe was the main export destination, Costa Rica’s only port was on

the Pacific Coast. Although the Caribbean Coast provided a more efficient access

to Europe, it was completely isolated and without any relevant settlements (Hall,

1978, p. 59-67). Therefore, in 1871 the government contracted the construction of

a railroad to the Caribbean Coast.

The limited knowledge of the Caribbean Coast led to underestimating the costs

of the construction. To pay for the unanticipatedly high costs of the railroad the

government gave a concession of 3,333 km2 of undeveloped land (roughly the size

of Rhode Island, and equivalent to 6.5% of the national territory), and the lease

of the railroad for 99 years (Casey, 1979, p. 26) to an American contractor, Minor

C. Keith. After completing the construction, Keith experimented with exporting

the bananas he had planted along the railroad tracks to feed the workers during

the construction (Bucheli, 2005, p. 46). The experiment was successful, and Keith

organized the Tropical Trading and Transport Company, which merged in 1899

with the Boston Fruit Company to form the UFCo. In the subsequent years, the

banana business increased in volume and importance, and by 1905 bananas had

reached the same place in Costa Rica’s exporting value as coffee.

The banana activity and in particular the UFCo significantly transformed the
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Costa Rican economy. Banana production gave rise to centers of economic activity

in the lowlands, far from the regions specializing in coffee farming. By 1950 the

UFCo was responsible for 58% of the country’s total exports. The UFCo land-

holdings in the country represented roughly 4% of the national territory (as shown

in Figure 3.1). Moreover, the UFCo employed approximately 7% of the country’s

total labor force and 12% of its agricultural labor force. The company operated

three of the four ports in the country and around 89% of the railway infrastruc-

ture. The major role that the multinational had within Costa Rica reinforces its

choice as a case study on how large-scale FDI can impact economic development.

Finally, in 1984 the UFCo abandoned banana production in Costa Rica, in part

due to a general corporate strategy that divested in the production process to focus

on marketing. Appendix C.1 provides more historical details.

Figure 3.1: UFCo boundary.

Notes : Elevation is shown in the background.
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3.3 Data

3.3.1 Census Data

We obtained restricted-access microdata from Costa Rican Censuses collected by

the National Institute of Statistics and Census (Instituto Nacional de Estad́ıstica

y Censos [INEC]) for years 1973, 1984, 2000, and 2011. As the UFCo stopped

operations in 1984, the range covered by these censuses allows us to analyze the

outcomes during and after the company’s tenure.

The data is recorded at the census block level. The census block is the smallest

territorial division of the country. The size and delimitation of a census block

changed across censuses. For 1973, 1984, and 2000 censuses, each census block

contains approximately 60 dwellings in urban areas and 40 dwellings in rural areas,

and it tends to be constituted by one or two city blocks in urban areas (Bonilla and

Rosero, 2008). For the 2011 census, in most cases, the census block coincides with a

city block (Fallas-Paniagua, 2013). For all years, the data include each census block

centroid’s latitude and longitude coordinates. The level of spatial disaggregation

provided by the census block data allows us to compare observations within close

proximity of each other.

Except for the 1973 census, which includes information on wages, later censuses

do not contain direct measures of income or consumption. Therefore, we follow

the “Unsatisfied Basic Needs” (UBN) method to generate variables that measure

economic outcomes. The UBN method was introduced by the Economic Com-

mission for Latin America and the Caribbean (ECLAC) to identify households in

poverty without relying on income data (Feres and Mancero, 2001). The method
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requires specifying a set of basic needs and a threshold for attaining those needs

(Armendáriz and Larráın B., 2017). Méndez and Trejos (2004) propose a set of

unsatisfied basic needs for Costa Rica using data from the 2000 census, and it

is straightforward to apply their method to the 2011 census (Méndez and Bravo,

2014). Their methodology defines four basic-needs dimensions: housing, sanita-

tion, education, and consumption. Each dimension consists of components selected

by its explanatory power for income in household surveys.

We follow the methodology in Méndez and Trejos (2004), but to be able to

adapt it to the 1973 and 1984 censuses, we select the components whose infor-

mation is available in all the four censuses. In the end, we also have the same

four basic-needs dimensions. Appendix C.2 details the components that consti-

tute each of our dimensions, and the specific variables from the censuses that we

use. A general description of each dimension is the following: (i) housing: refers

to the quality of the household dwelling’s material and household overcrowding;

(ii) sanitation: refers to the method for disposal of human excreta that the house-

hold uses; (iii) education: refers to school attendance and academic achievement

for household members from 7 to 17 years old; and (iv) consumption: refers to

the relationship between the number of income recipients (employed, pensioned,

or renter), their years of schooling, and the total number of household members.

We construct each dimension as an indicator variable equal to one if the house-

hold does not meet the threshold to attain a need in some component, and zero

otherwise.

We consider a household as poor if it has at least one unsatisfied need. More-

over, we estimate the severity of poverty through the total number of UBN. Namely,

the total number of UBN is an index that ranges from 0 to 4, where each unsatisfied
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basic need adds one point to the index.

3.3.2 Historical Data

We also use data from 1864, 1892, 1927, 1950, and 1963 Costa Rican Censuses.

Although these censuses do not contain enough spatial detail to be considered

in our regression discontinuity (RD) design, the information allows us to analyze

aggregated population patterns, such as migration before and during the UFCo

apogee, or the size and occupation of the country’s labor force.

Documents published by the UFCo provide valuable information to explain the

mechanism behind the effect found in our chapter. From 1912 to 1931 the Medical

Department of the UFCo issued an annual report describing the sanitation and

health programs carried out by the company as well as the living conditions within

the UFCo plantations. Moreover, the company regularly circulated reports with

information about wages, number of employees, production, and investments in

areas such as education, housing, and health. We obtained primary print copies of

these documents from collections held by Cornell University, University of Kansas,

and the Center for Central American Historical Studies (Centro de Investigaciones

Históricas de América Central [CIHAC]).

Moreover, we gathered Costa Rican Statistic Yearbooks, which from 1907 to

1917 contain information on the number of patients and health expenses carried

out by the hospitals in Costa Rica, including the ones ran by the UFCo. The

Costa Rican Statistic Yearbooks from 1908 to 1948 and the Export Bulletin 1941-

1947 contain data on product exports and port of export. Finally, 19 agricultural

censuses taken between 1900 and 1984 provide information to track changes in
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land use in the country, and the ones corresponding to 1950, 1955 and 1963 allow

us to estimate worker productivity.

3.3.3 Geographic and Spatial Data

We obtained the elevation and temperature data from the Global Climate Database

created by Hijmans et al. (2005). The spatial resolution is 30 arc-seconds (approx-

imately 1 km2 at the equator). The elevation above sea level is in meters and

was constructed using NASA’s Shuttle Radar Topography Mission (SRTM) data.

From the elevation information, we calculate the slope data (in degrees). Hijmans

et al. also compiled monthly averages of temperature measured by weather sta-

tions from 1960 to 1990. We measure temperature in Celsius and take the annual

average for our analysis.

Location of the UFCo To help organize the production and keep track of land

use, the UFCo Engineering Department made maps of the company’s properties.

The maps contain detailed information about farms, railroads, buildings, and land-

forms. The National Archives of Costa Rica (Archivo Nacional de Costa Rica) has

a collection of such maps. Although the Virtual Map Library of the National

University of Costa Rica (Mapoteca Virtual de la Universidad Nacional de Costa

Rica) has digitized part of the collection, collecting all available maps required

in-person visits to the archives, taking high-quality pictures of the original maps,

and digitizing them. Based on these maps we obtain data on the location of the

plantations. Figure C.5 in Appendix C.3 provides an example of a map showing

the UFCo landholdings in the Costa Rican Pacific Coast.
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Nighttime Lights Data We use nighttime lights data as a robustness check of

our main results, treating satellite-recorded data on nighttime lights as a proxy

for income and economic activity. A series of papers that have shown a strong

correlation between nighttime lights and economic activity (Chen and Nordhaus

2011; Henderson et al. 2012; Michalopoulos and Papaioannou 2014; Hodler and

Raschky (2014)). The data on nighttime light is collected by the US Air Force

Defense Meteorological Satellite Program’s Operational Linescan System (DMSP-

OLS) and is processed by the National Oceanic and Atmospheric Agency’s (NOAA)

National Geophysical Data Center (NGDC). The data covers the years 1992 to 2013

at a spatial resolution of 30 arc-seconds. For each grid cell, an integer between 0

(no light) and 63 represents its light intensity.

3.4 Estimation Framework

To estimate the causal effect of the UFCo, we use well-defined boundaries based on

historical records and compare observations located just inside former UFCo plan-

tations to observations located just outside them. Our estimation of the average

UFCo effect uses the following RD specification:

yigt = γUFCogt + f(locationgt) + Xigtβ + XgtΓ + αt + εigt, (3.1)

where yigt is an outcome of individual or household unit i in census block g and

year t; and UFCogt is an indicator variable equal to one if the census block g’s

centroid was inside a UFCo plantation, and equal to zero otherwise. f(locationgt)

is a RD polynomial, which controls for geographic location of census block g. Xigt

is a vector of covariates for individual or household unit i. Xgt is a vector of
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geographic characteristics for census block g. αt is a year effect. The coefficient γ

is our main parameter of interest because it captures the effect of being in a zone

under the UFCo’s control.

The RD is a polynomial in latitude and longitude. Including latitude and lon-

gitude allow us to control by the exact location of units in the study region, and

consequently, we compare households on opposite sides but in the same points of

the UFCo boundary. Following Gelman and Imbens (2017), and in line with recent

work whose estimation framework relies on a geographical regression discontinu-

ity design (e.g., Dell et al. 2015; Lowes and Montero 2016), we use a linear RD

polynomial and test for robustness to a variety of specifications.

Furthermore, to analyze the dynamics of the UFCo effect over time, we allow

for a different UFCo effect coefficient in every census, by estimating the following

RD specification:

yigt =γ1973UFCog,1973 + γ1984UFCog,1984 + γ2000UFCog,2000 + γ2011UFCog,2011+

f(locationgt) + Xigtβ + XgtΓ + αt + εigt

(3.2)

where UFCog,t is an indicator variable equal to one if at time t individual or

household unit i is in census block g, whose centroid was inside a UFCo plantation;

and equal to zero otherwise.

Quasi-Random Land Assignment: One of the assumptions required by a

geographical RD is that all relevant factors besides treatment must vary smoothly

at the UFCo boundary. This assumption is required to claim that observations
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located just across the former UFCo plantations are a good counterfactual for those

located just across the non-UFCo areas.

In general, the UFCo followed a policy of continuous expansion to new fields

to counter soil exhaustion and the appearance of banana diseases (Jones and Mor-

rison, 1952). At the moment of deciding which lands to own and operate, the

firm took into consideration geographic characteristics (Casey 1979, p. 46; Cer-

das Albertazzi 1993, p. 122-123). This land accumulation pattern, coupled with

the varied Costa Rican landscape explain why geographical features change dis-

cretely along many segments of the UFCo boundary.7 For example, Figure 3.1

shows that in the Pacific Coast, the UFCo domains coincide with the lowlands,

while nearby regions have a higher elevation. As a consequence, the areas out of

the UFCo landholdings were mostly inappropriate for tropical fruit production.

However, in the Atlantic Coast, a clarification of the land concessions granted

by the government lead to a zone where the land was assigned quasi-randomly.

Initially, due to ambiguities in certain capsules of the contract, the UFCo and the

government had some discrepancies on the land concessions. In 1904, a legislative

decree resolved the differences in criterion between the government and the UFCo.

As a result, the modification declared some wastelands, that the UFCo considered

as part of the original concessions, as state property, establishing a region known

as Astúa-Pirie (Soley, 1940, p. 90). The decree specified that the property rights

over these lands should be sold only to nationals (Viales, 2012).

Because the Atlantic Coast was completely isolated from the more densely

7Although Costa Rica covers a small continental area of 50,980 km2, the topographic extremes,
combined with changes in slope, wind direction, and orographic precipitation result in varied
micro-climates, vegetation cover, and soil types within short distances (Alvarado and Cárdenes,
2016).
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populated areas and most of it was unexplored,8 the Astúa-Pirie Region’s limits

were drawn using salient features of the landscape as a reference. In particular,

the boundary was chosen so that it would be easy to enforce for the local au-

thorities. The legislative decree declared that on the south the boundary “follows

the Reventazón River, from La Junta to the Caribbean Sea.”9 On the east, the

boundary adjoins the “Atlantic Ocean”. On the northern part of the region, the

boundary “follows an imaginary line drawn from the intersection between Toro

Amarillo River with the old railroad up to a point in the coast located five miles

northeast from the mouth of Tortuguero River.”10 Finally, the western boundary

“follows the main railroad, from La Junta to the point where the railroad crosses

Toro Amarillo River”.(ANCR, 1904, p. 44)

Consistent with this quasi-random design of the boundary, we find that the

geographic characteristics of the region change continuously across this segment

of the UFCo boundary where we focus our attention (see Figure 3.2). Table 3.1

shows that elevation, slope, and temperature do not change discretely across this

segment of the UFCo boundary. The unit of analysis to examine the geographic

characteristics is a 1x1 km grid cell,11 and we present both robust standard errors,

and standard errors that account for spatial correlation (Conley, 1999).12 Table

3.1 also shows that as we move far away from this segment of the boundary the

differences in elevation, slope, and temperature become significant. Therefore,

8Keith wrote that when he first arrived “Limón and all the country between it and the
cultivated portions of the interior was a dense wilderness. With the exception of the little village
of Matina, which contained fifty or sixty inhabitants, not one individual was settled anywhere
on the line. In fact, the route had not even been explored, and the rivers were first named when
the engineers crossed them.”(Keith, 1886, p. 8).

9“La Junta” was the point where the railroad from San José intersected the railroads from
Limón and Guápiles.

10The “old railroad” was the name given to the railroad to Guápiles because it was the remains
of an unsuccessful previous attempt to build a railroad to the central valley.

11All results are similar if the census blocks are the unit of analysis.
12We compute Conley Standard errors at the cutoff distance of 2 km. However, the results are

robust to alternative cutoffs.
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exploiting our disaggregated data, and not to contaminate the analysis due to

changes in the landscape, our chapter restricts attention to census block located

at most within 5 km from this segment of the UFCo boundary.

Figure 3.2: Study boundary.

Notes : Elevation is shown in the background.

Table 3.1: Balance on Geographic Characteristics

Sample falls within
<5 km of UFCo boundary <10 km of UFCo boundary
Inside Outside s.e Inside Outside s.e

Elevation 38.552 38.235 (1.330) 50.893 37.759 (2.273)∗∗∗

[3.530] [6.514]∗∗

Slope 0.256 0.312 (0.072) 0.493 0.328 (0.063)∗∗∗

[0.140] [0.154]
Temperature 26.087 26.097 (0.006) 26.028 26.097 (0.011)∗∗∗

[0.014] [0.031]∗∗

N 96 85 168 141

Notes: The unit of observation is 1x1 km grid cells. Robust standard errors for the difference
in means between UFCo and non-UFCo observations are in parentheses. Conley standard
errors for the difference in means are in brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Preexisting social and economic characteristics: Besides the geographical

characteristics, in a geographical RD preexisting social and economic character-
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istics should also change smoothly at the boundary. In our case, the study area

was practically uninhabited before the railroad construction and the UFCo ar-

rival. According to the 1864 Costa Rican Census, only 545 people lived in the

Atlantic Coast, a 0.45% of Costa Rican population at that time (Oficina Central

de Estad́ıstica, 1868, p. 21).

Details on the Counterfactual: We document how public investment per

capita in the region outside the boundary during the company’s tenure was not

significantly different from that on average Costa Rican rural areas. This indicates

that our results are unlikely to be driven by the UFCo’s presence crowding-out

public investment in nearby regions. In particular, we gather data on government

spending per municipality from annual reports from the Comptroller General of

the Republic of Costa Rica (Contraloŕıa General de la República de Costa Rica)

published between 1955 and 1984. In Appendix C.4 we compare the spending per

capita between UFCo municipalities and other rural municipalities and do not find

significant differences.

Migration: Another assumption for an RD design is that individuals cannot

precisely manipulate the assignment variable. On the one hand, differential rates

of migration at the time of each census are relevant for our long-run analysis. Each

census contains information about individuals’ place of residence 5 years before the

census took place. In census blocks located in UFCo areas, 9.35% of individuals

migrated from a former non-UFCo municipality, while in the non-UFCo areas

11.90% of individuals migrated from a UFCo municipality. Table 3.2 shows that

the migration rates are decreasing over time and their difference is not statistically

significant. As a robustness check, we examine the influence of migration in the
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estimates, with no change in our conclusions.

Table 3.2: Migration Rates in UFCo and Non-UFCo Census Blocks (Percentage)

Census
UFCo Non-UFCo

P-value of
the difference

(1) (2) (3)
1973 16.83 32.74 0.37
1984 14.62 13.48 0.79
2000 7.45 10.25 0.24
2011 6.20 6.73 0.69
All 9.35 11.90 0.30

Notes: The p-values in the third column are for the test of the hypothesis
that the rates of migration in the UFCo and non-UFCo areas are equal. The
p-values are clustered at the census block level.

On the other hand, historical migration during UFCo operation is relevant.

Table C.1 in Appendix C.1 summarizes the population dynamic from census data

for Limón, the province where our area of study is located. Between 1883 and 1927

Limón had annual population growth rates higher than the national population

growth rates; primarily a consequence of the railroad construction and banana

activity (Casey, 1979, p. 214). Table C.2 in Appendix C.1 shows that the increase

was driven by international migration. Initially, lightly populated Costa Rica

combined with the hard working conditions made it difficult to recruit labor for

rail construction and growing bananas. As a labor source, the company resorted

to convicts from New Orleans jails (Bucheli, 2005, p. 46) and workers from the

economically-depressed sugar plantations in the Antilles (Viales, 1998, p. 44-45).

Both the population growth rate and the foreigner population in Limón decrease

after 1927 to relatively low levels.

The fact that this migration took place, however, changes the interpretation of

our estimates. Namely, we will interpret this selective migration, which is common

whenever a large company like this multinational increases labor demand signifi-
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cantly, as part of the UFCo effect. Notice how, in our case, migrants seem to be

negatively selected, as growing bananas requires low-skilled labor. This suggests

that our positive UFCo effect might be a lower bound of the impact a multi-

national may have on development as compared, for instance, with a company

inducing migration from high-skilled labor.

Commuting: Another concern for the identifying assumption could be that peo-

ple who lived outside the UFCo plantations commuted and worked for the company

or used its services. However, this is unlikely to be the case. Different from other

types of agricultural activities that require labor on a temporal basis, the UFCo

needed a permanent labor supply of around 150 workers per 800-acre farm. Due

to the extension of the plantations and to reduce transportation costs, the UFCo

created camps within their farms for its workers (Cerdas Albertazzi, 1993, p. 141).

The typical farm consisted of 800 acres of land, with about 20 acres devoted to

campsite and buildings, and 150 acres to pasture land (Jones and Morrison, 1952,

p. 14). Besides houses and administrative buildings, special facilities were also

present, such as commissaries, schools, electric plants, sewage systems, and recre-

ational facilities (Wiley, 2008, p. 29). The wide range of services and facilities

provided by the company converted plantations into communities that allowed

people to live and work full time within them.13 Figure 3.3 is an aerial photo-

graph of an UFCo banana plantation we digitized from the National Geographic

Institute (Instituto Geográfico Nacional) archive, and details the distribution of

a typical banana farm based on descriptions in Jones and Morrison (1952, p. 14)

13For people within the plantations, the company was omnipresent in their lives. Harpelle
(2001, p. 67) mention that typical residents “were likely born in the company hospital, educated
in the company school, lived in company housing, obtained household supplies and clothing from
the company commissaries, and, if they could afford it, looked forward to being carried to their
final resting places in the Northern Railway’s [a subsidiary of the UFCo] funeral car.”
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and Sandner (1962, p. 183).

Figure 3.3: Plan of a typical UFCo banana farm.

Notes : 1. Soccer field 2. Houses for married workers 3. Houses for single workers
4. Houses for foremen 5. Houses for spray laborers 6. Fungicide storage facility
7. Houses for timekeeper, overseer, and assistant overseer 8. Packing plant for
wash and sort bananas 9. Stable for work animals, and shed for tractors and
trailers 10. Pasture for work animals 11. Irrigation pump building, and irrigation
pump operator’s house. The photograph covers an area approximately equal to
1.5x1 km.

Source: National Geographic Institute. Project VV 91 PL. Line 559. Film: M1006.
Photo 97. February, 14, 1948.

Moreover, people in the surrounding areas did not enjoy the services provided

by the company. For example, as we describe in detail in Section 3.5, the available

data on medical attention in UFCo hospitals suggests that few patients were not

on the company’s payroll, and for this group the average spending per patient

was lower relative to patients within the company’s payroll. Given that health-

care provision was one of the services in which the UFCo was superior to any

local provider (Casey, 1979, p. 114), this supports our claim that there was no
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commuting to enjoy the amenities the company provided.

3.5 Results

Table 3.3 presents the results of estimating equation (3.1) using as dependent vari-

ables the probability of having an unsatisfied basic need (UBN) in each dimension

(housing, sanitation, education, and consumption), the probability of being poor,

and the total number of unsatisfied basic needs. We pooled data from the 1973,

1984, 2000, and 2011 censuses and estimate an average UFCo effect for all years.

All regressions include geographic controls, demographic controls for the number of

household members aged 0-4 (infants), 5-14 (children), and 15 and older (adults),

census fixed effects, and a linear polynomial in latitude and longitude. We report

standard errors clustered at the census block level and Conley standard errors.

Table 3.3: Contemporary Household Outcomes: Average UFCo Effect

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo -0.095 -0.016 -0.057 -0.059 -0.124 -0.228

(0.026)∗∗∗ (0.017) (0.022)∗∗ (0.025)∗∗ (0.031)∗∗∗ (0.057)∗∗∗

[0.029]∗∗∗ [0.015] [0.019]∗∗∗ [0.025]∗∗ [0.026]∗∗∗ [0.051]∗∗∗

Adjusted R2 0.102 0.173 0.241 0.015 0.115 0.200
N 8,786 8,786 8,786 8,786 8,786 8,786

Clusters 200 200 200 200 200 200
Mean 0.176 0.060 0.235 0.200 0.481 0.670

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include geographic controls for slope, elevation, and temperature; demographic controls for
the number of adults, children, and infants in the household; census fixed effects, and a linear polynomial
in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

The estimates suggest that households located in the former UFCo region are

in general better off. Columns (1) to (4) of Table 3.3 show that these households
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have a lower probability of having a UBN in each of the dimensions we consider.

Moreover, the UFCo effect decreases the probability of being poor by about 12.4

percentage points (column 5). Finally, the severity of poverty is lower in the

former UFCo areas, where households have on average 0.228 fewer shortcomings

than households in the non-UFCo region (column 6). Except for sanitation, all the

magnitudes are statistically significant at the 1% or 5% level.

Table 3.4 explores how the UFCo effect changed across time. The company

stopped operations in 1984, and we examine census data from 1973, 1984, 2000,

and 2011. Therefore, we can disentangle the differentiated effects of the company’s

presence during its tenure, and also at different points in time after it stopped op-

erating. We first discuss persistence on the probability of having a UBN (columns

1-4). For the housing dimension, the effect is very persistent across years. In

2011, approximately 30 years after the UFCo left, households within UFCo former

lands are 9.3 percentage points less likely of having a UBN in housing relative to

households outside. The magnitude of the UFCo effect in this dimension is high

given the mean probability for the entire region (0.124). For the case of education

and consumption, we find that although it maintains the negative sign on every

census, its significance disappears after 2000. The effect on water infrastructure

rapidly vanishes and is insignificant after 1973. Finally, columns (5) and (6) show

that the overall probability of being poor and the total number of UBN are also

quite persistent over time, being significant during every year of our study.

Besides persistence, the results suggest there has been a convergence in some

of the dimensions over the years. We find that for sanitation and consumption the

UFCo effect coefficient in 1973 is statistically different from the coefficient in 2011.

More generally, the severity of poverty has decreased over time. While a household
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in 1973 had 0.668 less UBN than a household outside, in 2011 the difference was

reduced to 0.126, and the difference is statistically different from zero at 1% level.

Table 3.4: Contemporary Household Outcomes: Dynamics Across Years

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo1973 -0.202 -0.272 -0.069 -0.125 -0.229 -0.668

(0.064)∗∗∗ (0.081)∗∗∗ (0.043) (0.048)∗∗∗ (0.070)∗∗∗ (0.164)∗∗∗

[0.066]∗∗∗ [0.081]∗∗∗ [0.034]∗∗ [0.045]∗∗∗ [0.054]∗∗∗ [0.149]∗∗∗

UFCo1984 -0.056 0.013 -0.086 -0.067 -0.081 -0.196
(0.048) (0.028) (0.028)∗∗∗ (0.049)∗ (0.046)∗∗ (0.093)∗∗

[0.034]∗ [0.013] [0.027]∗∗∗ [0.030]∗∗ [0.032]∗∗ [0.063]∗∗∗

UFCo2000 -0.079 0.020 -0.057 -0.132 -0.132 -0.199
(0.032)∗∗ (0.017) (0.022)∗∗ (0.036)∗∗∗ (0.036)∗∗∗ (0.059)∗∗∗

[0.029]∗∗∗ [0.017] [0.019]∗∗∗ [0.024]∗∗∗ [0.031]∗∗∗ [0.053]∗∗∗

UFCo2011 -0.093 0.021 -0.039 -0.014 -0.101 -0.126
(0.030)∗∗∗ (0.016) (0.030) (0.037) (0.038)∗∗∗ (0.064)∗∗

[0.033]∗∗∗ [0.020] [0.031] [0.055] [0.053]∗ [0.095]
Adjusted R2 0.103 0.199 0.241 0.017 0.116 0.206

N 8,786 8,786 8,786 8,786 8,786 8,786
Clusters 200 200 200 200 200 200
Mean1973 0.462 0.353 0.393 0.208 0.777 1.416
Mean1984 0.209 0.060 0.362 0.201 0.579 0.832
Mean2000 0.145 0.031 0.230 0.178 0.452 0.584
Mean2011 0.124 0.018 0.156 0.215 0.402 0.512

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include geographic controls for slope, elevation, and temperature; demographic controls for
the number of adults, children, and infants in the household; census fixed effects, and a linear polynomial
in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Figure 3.4 summarizes the results. Each dot corresponds to the centroid of a

census block in our study area; a monochromatic color scale represents the average

outcome value for the households within the census block, where lighter colors

stand for better outcomes; and each dot’s size represents the number of obser-

vations in the census block. The background in each sub-figure shows predicted

values, for a finely spaced grid of longitude-latitude coordinates, from a regression

of the outcome variable under consideration on the UFCo dummy and a linear

polynomial in latitude and longitude. Panels 3.4c, 3.4d, 3.4e, and 3.4f present the
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probability of having a UBN in housing, sanitation, education, and consumption

respectively. Panel 3.4a shows the probability of being classified as a poor house-

hold and Panel 3.4b shows the total number of UBN. The predicted jump across

the UFCo boundary is clear in all the sub-figures. Moreover, lighter dots tend to

overlay lighter background areas, and the lighter areas (better outcomes) coincide

with the former non-UFCo regions.

To understand why the UFCo had a positive impact on the economic develop-

ment of the regions where it operated, we turn on to the analysis of the plausible

mechanisms behind our results.

Investments in Sanitation Infrastructure and Healthcare: While Minor

C. Keith was constructing the railroad to the Caribbean Coast in Costa Rica, he

experienced the loss of around five thousand workers due to the unhealthy and

dangerous conditions of the tropical forest (Bucheli, 2005, p. 46). The experience

taught Keith the necessity to improve sanitation and hygiene to sustain a large

enough workforce in an environment threatened by tropical diseases. As a conse-

quence, the UFCo invested in sanitation infrastructure, launched health programs,

and provided medical attention to its employees.

The UFCo was responsible for most of the sanitation programs that made

possible to begin the colonization process in the Atlantic Coast of Costa Rica.

While in 1884, more than half of the land in Puerto Limón was a swamp, by

1910 the area hosted the UFCo headquarters and had pipes, sewage system, street

lighting, macadamized roads, and a dike (Sanou and Quesada, 1998, p. 270-272).

Similarly, in the plantations areas, the UFCo drained swamps and invested in sewer

and potable water systems (May and Lasso, 1958, p. 22).
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Figure 3.4: Plots of the UFCo effect on contemporary household outcomes.

(a) Probability of being poor (b) Total number of UBN

(c) Housing dimension (d) Sanitation dimension

(e) Education dimension (f) Consumption dimension

Notes: The figure shows the study boundary, with UFCo territories being south. Each dot repre-
sents a census block’s centroid. Dot-color indicates the average outcome value for households, and
dot-size represents the number of households in each census block. As shown, lighter colors stand
for better economic outcomes.
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In 1905 the UFCo established a Medical Department in Costa Rica to carry

out sanitation programs and medical research on tropical diseases. By 1942 the

company operated three hospitals in the country. The staff included doctors,

sanitary inspectors, and nurses from the United States and other Central American

countries (Morgan, 1993, p. 20). Each hospital had up-to-date surgical and X-ray

equipment, laboratory, outpatient department, and steam laundry (Deeks, 1924,

p. 1008).

To cover healthcare for employees and their dependents, the UFCo deducted

2% from their salary. For the employees, the deduction gave access without further

charge to medical and surgical treatment, including medicines. For dependents,

the coverage provided free medical supervision, but medicines were charged (UFCo,

1916, p. 76-77). Figure 3.5 shows that between 1907 and 1917, for people on the

company’s payroll the UFCo’s hospitals spent 71.13 Costa Rican Colones (CRC)

per patient, while the San Juan de Dios hospital, the largest hospital in the country

at the time, spent 42.37 CRC per patient. Although a higher level of spending

does not necessarily imply a higher quality of healthcare, the UFCo medical services

were known of being among the best in the country (Casey, 1979, p. 114).

In general, the UFCo’s healthcare programs were successful in controlling dis-

eases in the plantation regions (Kepner 1936, p. 118; Chomsky 1996, p. 101). In

1929 a farm superintendent wrote that the “sanitary measures have helped to sta-

bilize labor and increase their ability to perform work [...] during recent years

with little or no influx of labor we have not experienced the recurrent shortages of

labor that used to occur in previous years” (UFCo, 1929, p. 10). For the particular

case of malaria, cataloged by the company as “our most important disease, when

considered from the standpoints of morbidity and the effects of malaria on labor
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Figure 3.5: Hospital spending per patient (in Costa Rican Colones), 1907-1917.
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efficiency” (Deeks, 1928, p. 94), the UFCo carried out an intensive campaign that

reduced its prevalence from 29.5 percent in 1926 to 14 percent in 1930 (Salisbury,

1930, p. 34).

Despite the positive impact of the UFCo programs, its benefits were restricted

to employees and their immediate families. The general manager of the Medical

Department explained that given the size of the UFCo landholdings, it was im-

possible from a commercial standpoint to sanitate completely all areas and there-

fore their efforts were “mainly directed to protecting the larger communities and

camps where our employees are located” (UFCo, 1921, p. 6). In fact, to increase

sanitary benefits, company doctors suggested preventing workers from traveling

between plantations and surrounding villages, which were unscreened. Although

non-employees could receive medical attention in the UFCo health care network,

they had to pay higher fees. According to Figure 3.5, the average spending for
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patients not on their payroll was 28.92 CRC, lower than the 71.13 CRC that on

average was spent on people on the company’s payroll.

Overall, the company’s sanitary and health programs were hard to implement

among the workers. Workers had their strong beliefs about the causes and treat-

ment of disease and often preferred their cures (Chomsky, 1996, p. 109). Accord-

ing to the UFCo Medical Department, their workers had to be disciplined because

“they are only children who have never grown up mentally, and their helplessness

should always stimulate us to give them our best assistance” (López, 1930, p. 167).

Consequently, the company’s sanitary and health programs were compulsory for

its workers, and there were punishments to induce the desired behavior. For exam-

ple, fines were levied against managers who did not report an ill worker; or wages

were withheld for workers who did not comply with hygienic instructions (Morgan,

1993, p. 23). Even preachers were instructed to preach health along with salvation

(Kepner, 1936, p. 113).

Investments on Housing Infrastructure: Given the remoteness of the plan-

tations and to reduce transportation costs, the UFCo provided the majority of its

workers with free housing within the company’s land. Each of the UFCo’s divisions

consisted of farms, and each farm had a camp where workers lived, as Figure 3.3

shows.

Usually, the houses for plantation laborers were laid out around a soccer field.

By 1958 the majority of laborers lived in barracks-type structures. Single families

occupied the majority of barracks, and there were buildings for unmarried workers

(May and Lasso, 1958, p. 184-185). The barrack structures exceeded the standards

of many surrounding communities (Wiley, 2008, p. 29).
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Related to the sanitary programs implemented by the UFCo, a squad cleaned

the grounds, collected trash, systematically sprayed with DDT to control for

mosquitos and insects, and scrubbed out public toilets and bathing facilities.

Moreover, the water supplied to the taps was safe for drinking. Besides hous-

ing, the UFCo provided basic services for its employees within each camp, such

as schools, commissaries, dispensaries, and recreational facilities. May and Lasso

(1958, p. 209) claim that “the places of worship, recreational facilities, and athletic

fields and equipment provided for United’s workers are upon a scale matched by

few, if any, locally owned agricultural enterprises.”

Investments in Human Capital: Although the UFCo was a multinational ex-

tracting a natural resource, it was in charge of all the production stages, from

plantation to distribution. Besides agricultural workers, the company needed la-

bor with some basic skills to perform administrative tasks, such as supervisors

in its farms, or retail clerks in its commissaries. Furthermore, having employees

who understand English was a valuable skill for the UFCo because the company

kept its records in this language, and also it facilitated communication with the

UFCo higher managers (principally United States citizens), and with immigrant

workers (principally Jamaicans) (Castillo-Serrano, 1998, p. 40-46). As a result,

primary education to the children of its employees was among the services that

the company provided within the camps. The curriculum in the schools included

vocational training and, before the 1940s, was taught mostly in English. The em-

phasis on primary education was significant, and child labor became uncommon in

the banana regions (Viales, 1998, p. 61). By 1955, the company had constructed

62 primary schools within its landholdings in Costa Rica (May and Lasso, 1958,
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p. 148). As shown in Figure 3.6,14 spending per student in schools operated by the

UFCo was consistently higher than public spending in primary education between

1947 and 1963.15 On average, the company’s yearly spending was 23% higher than

government spending during this period.

Figure 3.6: Spending per student (in 2015 Costa Rican Colones), 1947-1963.

.0
5

.1
.1

5
.2

S
pe

nd
in

g 
pe

r 
st

ud
en

t (
m

ill
io

n 
20

15
 C

R
C

)

1945 1950 1955 1960 1965
Year

Costa Rican Goverment UFCo

Source: Authors’ calculations based on company reports (“Compañia Bananera
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By the time children completed primary education, they were old enough to

work. The UFCo did not provide directly secondary education although offered

some incentives. If the parents could afford the first two years of secondary edu-

cation of their children in the United States, the UFCo paid for the last two years

and provided free transportation to and from the United States. Moreover, if the

14In Figures 3.6 and 3.7 the amounts were converted to constant 2015 Costa Rican Colones
(CRC) by splicing four price indexes: (i) Cost of Living Index Base 1936 = 100 (Índice de costo de
la vida Base 1936 =100 ); (ii) Consumer Price Index for Middle Income and Low-Income Citizens
in the Metropolitan Area Base 1964 = 100 (Índice de precios al consumidor de ingresos medios y
bajos del Área Metropolitana Base 1964=100 ); (iii) Consumer Price Index Base January 1995 =
100 (Índice de precios al consumidor Base Enero 1995 = 100 ); and (iv) Consumer Price Index
Base June 2015 = 100 (Índice de precios al consumidor Base Junio 2015 = 100 ).

15Data is only available for this subset of years.
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parents organized secondary schools by themselves and paid a private tuition fee

for the teachers, the UFCo provided a building and furniture (May and Lasso,

1958, p. 190). However, despite the incentives, secondary and tertiary education

was costly and out of reach for most children of its employees.

To assess the impact of the UFCo educational investments on current human

capital accumulation, we estimate equation (3.1) using educational attainment as

the outcome variable. The results are presented in Table 3.5, restricting the sam-

ple to non-migrants. Column (1) shows a positive UFCo effect on human capital

accumulation. Consistent with the emphasis on primary education by the com-

pany, column (2) shows a positive UFCo effect on primary education attainment.

Individuals in the former UFCo areas are 5.3 percentage points more likely of

completing primary education. On the other hand, in column (3) the effect of the

UFCo presence on secondary education attainment is zero, in line with the higher

costs of completing higher education levels.

Income and Consumption Capacity: On average, between 1946 and 1976,

the company employed about 6.93% of the total agricultural workers in the country

and 3.50% of the entire labor force, reaching a peak in 1949 when the numbers were

12.65% and 7.04%, respectively. The wages paid by the UFCo compared favorably

to salaries paid in other agricultural activities in Costa Rica (Kepner 1936, p. 129;

Casey 1979, p. 114; Viales 1998, p. 44). Table 3.6 shows that the difference in

earnings was consistent over time. For the segment of the UFCo boundary where

geographic characteristics are balanced, we find that hourly wages for agricultural

workers were 6.58% higher in the UFCo plantations than in the non-UFCo area,

although the magnitude is not statistically significant.
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Table 3.5: Human Capital Accumulation

Years
of schooling

Primary Secondary

(1) (2) (3)
UFCo 0.269 0.053 0.003

(0.130)∗∗ (0.018)∗∗∗ (0.009)
[0.143]∗ [0.020]∗∗ [0.007]

Adjusted R2 0.240 0.204 0.042
N 24,587 24,587 24,587

Clusters 198 198 198
Mean 4.595 0.462 0.056

Notes: The unit of observation is the individual. The sam-
ple is restricted to non-migrants. Robust standard errors,
adjusted for clustering by census block, are in parentheses.
Conley standard errors are in brackets. All regressions in-
clude geographic controls for slope, elevation, and temper-
ature; individual controls for age, age squared, and gender;
census fixed effects, and a linear polynomial in latitude and
longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 3.6: Daily wages of agricultural workers in UFCo and non-UFCo municipal-
ities

Year
UFCo

Municipalities
Non-UFCo

Municipalities
1916-1920 3.00 1.00-1.50

1933 2.75 1.00-1.60
1955 12.00 7.50-9.00
1973 20.85 13.05

Notes: These nominal wages are expressed in Costa
Rican currency (colones). Before 1973 the data for
UFCo municipalities correspond to the Limón area,
while for the non-UFCo municipalities correspond to
the central valley. Sources: Edelman (1992, p. 113),
and authors’ calculations based on 1973 Costa Rican
Census.
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The higher wages can be a consequence of differences in per-worker productivity

in the UFCo plantations. Figure 3.7 compares return per worker between 1950 and

1963 in UFCo banana production versus coffee production (the other large Costa

Rican export crop). On average, productivity per worker in the UFCo banana

plantations (5.66 million 2015 CRC) was about four times productivity per worker

in coffee (1.45 million 2015 CRC).

Figure 3.7: Worker productivity (in 2015 Costa Rican Colones), 1950-1963.

0
2

4
6

8
P

ro
du

ct
iv

ity
 p

er
 w

or
ke

r 
(m

ill
io

n 
20

15
 C

R
C

)

1950 1955 1960 1965
Year

UFCo Banana Coffee

Source: Authors’ calculations based on 1950, 1955 and 1963 Costa Rica Agricultural
Censuses, and 1950 to 1963 Costa Rican Statistic Yearbooks.

Due to the remoteness of urban centers, the company established a system

of commissaries in the plantations (Casey, 1979, p. 116-118). The commissaries

also provided a psychological incentive to work by expanding the set of goods

available to workers. The official company history explains as the justification for

the commissary that “[...] the wage earners require goods for which they are willing

to exchange a portion of their wages. Otherwise, there is no particular point in

working” (Wilson, 1947, p. 238). Therefore, along with staple food items, shoes,

and clothing, the commissaries sold durable and luxury goods.16

16In interviews conducted in Colombia to former workers of the UFCo, someone declared: “We
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Regarding markups, initially, the company’s stores exercised their monopolistic

power in the plantation regions by charging abusive prices to the workers. The

situation changed in the 1920s when the UFCo decided to provide commissary

services on a break-even basis (Wilson, 1947, p. 238-239). In 1935, when the

official exchange rate increased to 5.50 colones per dollar, the UFCo avoided a rise

in the price of staple foods by keeping the previous exchange rate of 4.5 colones

(Casey, 1979, p. 117). May and Lasso (1958, p. 196) mention that in 1956, prices

in the UFCo commissaries and the state-run groceries average out about equal,

even though the state-run had to sell items at price cost.

3.6 Discussion on Robustness Tests

Falsification Test: As a falsification test, we re-run the analysis using placebo

borders. In particular, we draw fake borders at a distance of 2 km both inwards and

outwards of the actual UFCo border. Appendix C.5 presents the results, showing

that our placebo tests deliver insignificant results in every case, both economically

and statistically.

Other Robustness Tests: Although in Tables 3.3 and 3.4 we use a linear poly-

nomial in latitude and longitude, our main message is robust to alternative speci-

fications of the RD polynomial. Appendix C.6.1 documents that using a quadratic

polynomial, or a linear polynomial in latitude, longitude, and distance to the

boundary leads to similar conclusions.

could find everything we needed in the company’s store. From a needle to a refrigerator... There
they carried imported good quality furniture, food, and clothes. Everything was much cheaper
than in the other stores. Beforehand, the workers did not use silverware to eat and sleep on the
floor. They dressed badly... Thanks to the company’s store they were able to buy iron beds,
silverware, and good imported clothes.” (Bucheli, 2005, p. 127)
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Besides the specification of the RD polynomial, we also analyze how the results

change to varying the control variables. Appendix C.6.2 shows that results are

robust to excluding demographic controls, to excluding geographic controls, and

to excluding both demographic and geographic controls.

Recall from Section 3.2 that the construction of a railroad to the Caribbean

Coast was fundamental in the genesis of the UFCo. To facilitate carrying bananas

from the plantations to the ports in a fast and efficient way, the company owned and

operated the railroad. Therefore, in Appendix C.6.3, we evaluate if the UFCo effect

is mostly a result of the availability of nearby railroads and its associated benefits,

such as increasing market access. We explicitly control for the presence of the

railroad by including the distance of each census block centroid to a railroad. The

results are unchanged, suggesting that the UFCo effect goes beyond the provision

of railroads.

To exploit the availability of precisely georeferenced census block level data,

we run our main specification restricting the sample to units within 1 km of the

boundary. Appendix C.6.4 presents the results. Limiting the sample we ensure

comparison of households located very close to each other, and we find results that

are consistent with our findings within 5 km.

To consider if selective migration is generating the differences in living stan-

dards between the two regions, we reestimate equations (3.1) and (3.2) taking two

approaches. In our first approach, we use a restricted sample of the full dataset

in which we drop all migrant households. We classify a household as migrant if

any household member lived in a different place of residence five years before the

census took place.17 Appendix C.6.5 documents that the results are similar to the

17Our results remain unchanged if we instead classify a household as migrant if the head of
household lived in a different place of residence five years before the census took place (see Tables
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estimates in Tables 3.3 and 3.4, and we cannot reject that the estimates are the

same at the 10% significance level.

In our second approach, we compare the UFCo effect for households engaged in

the agriculture sector versus other economic sectors. We consider a household as an

agricultural household if any of its members work in agriculture.18 Given that the

UFCo was an agricultural multinational, arguably the individuals who were more

likely to migrate to work with the multinational were the ones more capable of

performing farm tasks. If ability in agriculture production is highly heritable and

selective migration is driving our results, then the UFCo effect should be stronger

for the households engaged in the agricultural sector relative to other economic

activities. Nevertheless, Appendix C.6.6 shows that this is not the case, and for

each outcome we consider, we cannot reject at the 10% level that the estimates

are the same across both groups. In summary, the two approaches we take suggest

that selective migration is unlikely to generate the differences between the regions.

Our Unsatisfied Basic Needs (UBN) are a modified version of the ones proposed

by Méndez and Trejos (2004). Because Méndez and Trejos constructed the index

using information from the 2000 and 2011 census, our modification consists of

selecting the variables whose information is available in each of the 1973, 1984,

2000, and 2011 censuses. Therefore, as a robustness test, we re-run the estimation

restricting the analysis to the 2000 and 2011 census and using the Unsatisfied Basic

Needs (UBN) as proposed by Méndez and Trejos. Table C.26 shows that our main

message is robust to this alternative definition of UBN.

Finally, since the census data does not provide information on income, we use

C.22 and C.23 in Appendix C.6.5)
18Our results remain unchanged if we instead consider a household as an agricultural household

if the head of household works in agriculture (see Table C.25 in Appendix C.6.6).
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nighttime lights data as a proxy to confirm our findings through an alternative

measure of economic development. Figure 3.8 presents the satellite image near the

study boundary in 1992 and 2012 and suggests higher luminosity in areas inside

the former UFCo landholdings. Column (1) in Table 3.7 confirms this difference in

luminosity, by showing that nighttime light intensity is 21% (exp(0.193)-1=0.212)

higher in the former UFCo plantations. To give a sense of the economic significance

of this estimate, if we assume an elasticity between nighttime light intensity and

GDP of 0.3 (consistent with the findings in Henderson et al. 2012 and Hodler and

Raschky 2014), the 21% difference in nighttime light intensity implies that the

output in the former UFCo plantations is about 6.37% higher. Column (2) shows

that luminosity per capita is 18% (exp(0.165)-1=0.18) higher in the former UFCo

plantations. Lastly, column (3) shows that the annual growth rate of luminosity per

capita is 2.064 percentage points higher in the former UFCo areas. All estimates

are significant at least at the 5% significance level.

Figure 3.8: Lights near the study boundary in 1992 and 2012.

A total of 9.2% observations in our luminosity data have a value equal to

zero. The zero value can be due to a light that is too low for detection by the

satellite, or because it corresponds to a sparsely populated area. Appendix C.8

presents the results after we account for the zero observations by adding 0.01 to the

luminosity data (or luminosity per capita) before taking the logarithm. Our main
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Table 3.7: Luminosity Data

Log
Light

Log Per
Capita Light

Annual Growth Rate
of Per Capita Light

(1) (2) (3)
UFCo 0.193 0.165 2.064

(0.006)∗∗∗ (0.051)∗∗∗ (0.781)∗∗∗

[0.017]∗∗∗ [0.065]∗∗ [0.953]∗∗

Adjusted R2 0.377 0.036 0.282
N 5,588 2,061 1,679

Notes: The unit of observation is 1x1 km grid cells located within 5 km of
UFCo boundary. Robust standard errors are in parentheses. Conley standard
errors are in brackets. All regressions include year fixed effects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

message remains unchanged. In general, the nighttime lights results are consistent

with the estimates from our main specification by providing evidence that suggests

significant higher levels of income and economic activity in the former UFCo areas.

3.7 Concluding Remarks

This chapter studies the impact of large-scale Foreign Direct Investment (FDI) on

economic development. To do so, we consider one of the biggest agricultural multi-

national during the twentieth century. In particular, we examine the enclave of the

United Fruit Company (UFCo) in Costa Rica. We use a regression discontinuity

design that exploits a quasi-random assignment of land to the UFCo in 1904, and

the availability of restricted-access census micro-data for 1973, 1984, 2000, and

2011, geo-referenced at the census block level. We find a positive and persistent

effect on economic outcomes in areas where the company operated. Households in

the former UFCo areas have a better satisfaction of basic needs (housing, sanita-

tion, education, and consumption capacity), are less likely of being poor, and have

a lower number of unsatisfied basic needs.
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Using data we have collected from primary sources, we offer suggestive evidence

that investments in physical and human capital carried out by the UFCo were rel-

evant mechanisms behind our results. To pursue its corporate interests, the UFCo

transformed tropical forests into plantation areas by implementing sanitation and

health programs, improving housing and water infrastructure, establishing hospi-

tals, and providing primary education. These investments can plausibly explain

the positive effect of the multinational on the economic development of the former

plantations areas.

That being said, it is worth highlighting that a limitation of our work is that our

identification strategy allows us to analyze the impact of the UFCo only on lands

administered by the multinational and its immediate vicinities, i.e., we are finding

evidence for a micro effect. Our identification strategy does not enable us to study

the macro effect of the UFCo in Costa Rica. The UFCo was a large multinational

with influence on political and economic institutions that have repercussions at

the national level. It is conceivable that, while the micro effect is positive, the

aggregate effect is negative. Although it goes beyond the scope of the present

chapter, we consider the analysis of the macro effect as a relevant question for

future research.

Although anti-globalization sentiments are not new, since the onset of the Great

Recession the debate has been intensified by the escalation in trade-restrictive mea-

sures and the increasing support to political parties with nationalist or protectionist

agendas in different countries. Part of the discontent to globalization is due to the

role of multinationals, accusing them of offering low wages and volatile jobs in host

countries, avoiding taxes and exporting jobs abroad in home countries, and in gen-

eral destroying local firms, creating monopolies, and having unregulated political
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influence. The findings in our chapter speak to this debate by showing positive

and persistent benefits from FDI even in the case of the controversial Octopus in

Latin America.
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APPENDIX A

APPENDIX OF CHAPTER 1: RISK PREFERENCES IN

LIFE-INSURANCE DECISIONS

Appendix A.1. Identification

Proposition 1.1. Take any three insured amount options: 0 ≤ ma < mb < mc,

with premium pa for insured amount ma. Denote by p̃j (j = b, c) the premium that

makes the household indifferent between insured amounts ma and mj, and assume

that 0.5(mj − ma) > p̃j − pa. Under standard expected utility, any (pa, p̃b, p̃c) is

consistent with a unique (r, l).

Consider a household with a coefficient of absolute risk aversion r 6= 0, a

monetary loss l, and a vector of probabilities (µL, µD&I , µS). Moreover, take any

three insured amount options: 0 ≤ ma < mb < mc. Let pa be the premium for

insured amount ma.

First, Lemma A.1 shows that the household’s willingness to pay is increasing

in the insured amount option. Thus, for 0 ≤ ma < mb < mc, 0 ≤ pa < p̃b < p̃c.

Lemma A.1. For any r 6= 0, pa ≥ 0 and m > ma, p̃(m) is a continuous and

differentiable function with
dp̃

dm
> 0.

Proof: Define V as:

V (m, l, r, µL, µD&I , µS, p̃) ≡ µL(−e−r(−p̃)) + µD&I(−e−r(m−p̃−l)) + µS(−e−r(0.5m−p̃−l)).
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For r 6= 0, V is a continuously differentiable function that satisfies the condi-

tions of the Implicit Function Theorem. Therefore, p̃(m) is a continuously differ-

entiable function such that:

dp̃

dm
=
−
∂V

∂m

∂V

∂p̃

=
µD&I(e

−r(m−l)) + 0.5µS(e−r(0.5m−l))

µL + µD&I(e−r(m−l)) + µS(e−r(0.5m−l))
> 0.

Now I proceed with the proof of Proposition 1.1:

Proof: By definition, p̃b is the premium that makes the household indifferent be-

tween insured amounts ma and mb:

µL(−e−r(−p̃b)) + µD&I(−e−r(mb−p̃b−l)) + µS(−e−r(0.5mb−p̃b−l)) =

µL(−e−r(−pa)) + µD&I(−e−r(ma−pa−l)) + µS(−e−r(0.5ma−pa−l)).
(A.1)

After solving equation (A.1) for l:

l(r) |ma,mb
=

1

r
ln

( µL(erp̃b − erpa)

µD&I(e−r(ma−pa) − e−r(mb−p̃b)) + µS(e−r(0.5ma−pa) − e−r(0.5mb−p̃b))

)
.

Note that l(r) |ma,mb
is well behaved for 0.5(mj −ma) > p̃j − pa.

Similarly, it can be obtained the curve l(r) |ma,mc .

Note that the curves l(r) |ma,mb
and l(r) |ma,mc intersect only once:
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l(r) |ma,mc≶ l(r) |ma,mb
⇐⇒

µD&I(e
−r(ma−pa) − e−r(mb−p̃b)) + µS(e−r(0.5ma−pa) − e−r(0.5mb−p̃b))

µD&I(e−r(ma−pa) − e−r(mc−p̃c)) + µS(e−r(0.5ma−pa) − e−r(0.5mc−p̃c))
≶
erp̃b − erpa

erp̃c − erpa
.

(A.2)

By condition 0.5(mj−ma) > p̃j−pa, the left hand side term in A.2 is continuous

and strictly increasing in r.

By Lemma A.1, the right hand side term in A.2 is continuous, and strictly

decreasing in r.

Moreover:

• limr→−∞

µD&I(e
−r(ma−pa) − e−r(mb−p̃b)) + µS(e−r(0.5ma−pa) − e−r(0.5mb−p̃b))

µD&I(e−r(ma−pa) − e−r(mc−p̃c)) + µS(e−r(0.5ma−pa) − e−r(0.5mc−p̃c))
=

0

• limr→∞

µD&I(e
−r(ma−pa) − e−r(mb−p̃b)) + µS(e−r(0.5ma−pa) − e−r(0.5mb−p̃b))

µD&I(e−r(ma−pa) − e−r(mc−p̃c)) + µS(e−r(0.5ma−pa) − e−r(0.5mc−p̃c))
= 1

• limr→−∞

erp̃b − erpa

erp̃c − erpa
= 1

• limr→∞

erp̃b − erpa

erp̃c − erpa
= 0

In addition, around r = 0:

• limr→0−

µD&I(e
−r(ma−pa) − e−r(mb−p̃b)) + µS(e−r(0.5ma−pa) − e−r(0.5mb−p̃b))

µD&I(e−r(ma−pa) − e−r(mc−p̃c)) + µS(e−r(0.5ma−pa) − e−r(0.5mc−p̃c))
=

limr→0+

µD&I(e
−r(ma−pa) − e−r(mb−p̃b)) + µS(e−r(0.5ma−pa) − e−r(0.5mb−p̃b))

µD&I(e−r(ma−pa) − e−r(mc−p̃c)) + µS(e−r(0.5ma−pa) − e−r(0.5mc−p̃c))
=
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(µD&I + 0.5µS)(mb −ma)− (µD&I + µS)(p̃b − pa)
(µD&I + 0.5µS)(mc −ma)− (µD&I + µS)(p̃c − pa)

∈ (0, 1)

By Condition 0.5(mj −ma) > p̃j − pa

• limr→0−

erp̃b − erpa

erp̃c − erpa
= limr→0+

erp̃b − erpa

erp̃c − erpa
=
p̃b − pa
p̃c − pa

∈ (0, 1) By Lemma A.1

Therefore, there exist a unique r∗ such that:

• l(r) |ma,mc= l(r) |ma,mb
for r = r∗

• l(r) |ma,mc< l(r) |ma,mb
for any r < r∗

• l(r) |ma,mc> l(r) |ma,mb
for any r > r∗

Figure A.1 illustrates the intuition behind the proof. The maximum willingness

to pay (WTP) for insurance increases in both the level of risk aversion r and in the

level of the loss l. Therefore, as the risk aversion increases, the loss should decrease

to keep the WTP unchanged. Given an initial insured amount ma, knowing the

WTP to moving to insured amount mb is not enough to point identify the vector

(r, l) because multiple combinations of the parameters generate the same WTP.

However, if the WTP to moving to insured amount mc is also known then the

curves generated by each WTP will only intersect once. Stated differently, given

the WTP to moving to insured amount mb, then the lower the WTP to moving to

insured amount mc, so the larger must be r and the smaller must be l.
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Figure A.1: Identification of the vector (r, l).
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Appendix A.2. Analysis for the Restricted Sample (N=2,947)

In this appendix, I present the results of the analysis after restricting the sample

to the 2,947 households who chose one of the 12 focal insured amounts. Tables A.1

and A.2 present the results assuming homogeneous preferences. Tables A.3 and

A.4 report the results for the heterogeneous preferences case. The main message

persists, suggesting that restricting the analysis to the subsample of households

unaffected by the reassignment of insured amounts does not affect the conclusions.

Table A.1: Restricted Sample. Estimation of the Model Assuming Standard Ex-
pected Utility (U(L(m)) Specified by Equation (1.5))

Estimate
95 percent bootstrap
confidence interval

ln(r) -15.4999 -15.5666 -15.4269
ln(l) 16.9591 16.9038 17.0095
σ 0.0051 0.0043 0.0060

LL -6533.10

Note: Restricted sample of 2,947 households.

Table A.2: Restricted Sample. Estimation of the Model Assuming State-
Dependent Utility and Probability Weighting (U(L(m)) Specified by Equation
(1.6))

Estimate
95 percent bootstrap
confidence interval

ln(r) -15.8030 -15.8567 -15.4354
ΓD&I 0.0017 0.0002 0.0019
ΓS 0.0000 0.0000 0.0004
σ 0.0037 0.0033 0.0054

LL -6532.28

Notes: Restricted sample of 2,947 households.
The loss is assumed to be equal to CRC 25
million.
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Table A.3: Restricted Sample. Estimation of the Model Assuming Standard Ex-
pected Utility. Observed Heterogeneity

Estimate
95 percent bootstrap
confidence interval

βr

Constant -15.5689 -15.5884 -15.5470
Female -0.0182 -0.0347 -0.0045

30 ≤ Age ≤ 39 -0.0241 -0.0397 -0.0105
40 ≤ Age ≤ 49 -0.0396 -2.0799 -0.0255

50 ≤ Age -1.8783 -2.0606 0.0250
Mean
fitted
value

ln(r) -15.7416 -16.0942 -15.5937

σ 0.0038 0.0034 0.0046
LL -6492.13

Notes: Restricted sample of 2,947 households. The loss is assumed to
be equal to CRC 25 million.

Table A.4: Restricted Sample Estimation of the Model Assuming State-Dependent
Utility and Probability Weighting. Observed Heterogeneity

Estimate
95 percent bootstrap
confidence interval

βr

Constant -15.2973 -15.8142 -14.7091
Female 0.5830 0.0755 0.7314

30 ≤ Age ≤ 39 -0.0719 -0.1280 0.0744
40 ≤ Age ≤ 49 -0.1863 -0.2552 -0.0140

50 ≤ Age -0.1777 -1.9347 -0.0172

βΓD&I

Constant 0.0005 0.0000 0.0019
Female -0.0005 -0.0015 0.0000

30 ≤ Age ≤ 39 0.0000 -0.0006 0.0000
40 ≤ Age ≤ 49 0.0000 -0.0002 0.0002

50 ≤ Age 0.0000 -0.0003 0.0015

βΓS

Constant 0.0000 0.0000 0.0002
Female 0.0000 -0.0001 0.0001

30 ≤ Age ≤ 39 0.0000 0.0000 0.0003
40 ≤ Age ≤ 49 0.0000 0.0000 0.0000

50 ≤ Age 0.0000 -0.0001 0.0003
Mean
fitted
value

ln(r) -14.9257 -15.6828 -14.6502
ΓD&I 0.0001 0.0000 0.0008
ΓS 0.0000 0.0000 0.0003

σ 0.0136 0.0042 0.0211
LL -6431.70

Notes: Restricted sample of 2,947 households. The loss is assumed to
be equal to CRC 25 million.
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Appendix A.3. Alternative Probabilities

In this appendix, I present the results of the analysis using empirical frequencies

estimated at the national level. An advantage of considering national level prob-

abilities is that they should resemble actual population values. The drawback is

that because the life insurance considered in this study is not compulsory, there

may exist a self-selection problem and the national level probabilities might not

reflect the clients’ actual values.

The death probability source is the Costa Rican life table, estimated by the

Central American Population Center of the University of Costa Rica (Centro Cen-

troamericano de Población de la Universidad de Costa Rica [CCP]). The life table

is based on population data for the years 2005-2010. The age-specific mortality is

adjusted to change smoothly with age (CCP, 2012).

For the incapacity probability, I use claim data from the Labor Risk Insurance

(Seguro de Riesgos de Trabajo). This insurance is compulsory and protects workers

in case of injury, illness, or death due to circumstances related to their work. The

claim data reports the number of workers that suffered a loss in earning capacity

higher than 67%. I use this specific figure because the definition is similar to the

one that applies to the insurance policy considered in my chapter. However, the

probabilities obtained in this way are an approximation to the actual national level

incapacity probabilities because incapacity due to non-work accidents are omitted

(for which data is nonavailable).

To estimate the serious-disease probability, I use cancer incidence rates and hos-

pitalization rates due to stroke, renal insufficiency, and myocardial infarction. For

the cancer incidence rates, I use data from the National Tumor Registry (Registro
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Nacional de Tumores). For the hospitalization rates due to stroke, renal insuffi-

ciency, and myocardial infarction I use data from the Bureau of Health Statistics

Costa Rican Department of Social Security (Área de Estad́ısticas en Salud de la

Caja Costarricense de Seguro Social).

Except for the life tables, all datasets cover the 2009-2015 period. Moreover,

except for incapacity, each frequency is available at age group and gender level.

To estimate the national level probabilities, I assign to each observation in the

core sample the corresponding value, and then I take the mean. The empirical

frequency at the national level for the death or incapacity event is 0.0014, while

for the serious disease is 0.0016. For the analysis, I assume these values for each

household.

I only re-estimate the standard expected-utility model because it is the only

considered model that requires defining the probabilities for its estimation. Tables

A.5 and A.6 present the results assuming homogeneous preferences and heteroge-

neous preferences, respectively.

However, in the model that includes state-dependent utility and probability

distortions, the empirical frequencies are important for interpreting the results.

Assuming homogeneous preferences, using the results from Table 1.9 and the em-

pirical frequencies estimated at the national level, a state-dependent-utility in-

terpretation of the results suggests that the change in marginal utility of con-

sumption is αD&I = ΓD&I

µL

µD&I

≈ 1.4831 in case of death or incapacity, and

αS = ΓS
µL

µS
≈ 0.000002 in case of a serious disease. Assuming heterogeneous

preferences, according to the results in Table 1.11, the corresponding estimates are

αD&I ≈ 0.6078 and αD&I ≈ 0.0554. In both cases, the death or incapacity state
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has a larger impact on the marginal utility of consumption than the serious disease

state. Moreover, because the empirical frequency of a serious disease estimated at

the national level is slightly higher than the empirical frequency of death or inca-

pacity, according to a probability-weighting interpretation, the results suggest an

overweighting of the death or incapacity state relative to the serious disease state.

In general, the main message remains unchanged, suggesting that the results from

the main analysis are not a product of using possible incorrect probabilities.

Table A.5: Alternative Probabilities. Estimation of the Model Assuming Standard
Expected Utility (U(L(m)) Specified by Equation (1.5))

Estimate
95 percent bootstrap
confidence interval

ln(r) -15.5787 -15.6427 -15.5092
ln(l) 16.7195 16.6719 16.7637
σ 0.0047 0.0041 0.0056

LL -7081.65

Note: Core sample of 3,164 households.

Table A.6: Alternative Probabilities. Estimation of the Model Assuming Standard
Expected Utility. Observed Heterogeneity

Estimate
95 percent bootstrap
confidence interval

βr

Constant -15.5254 -15.5493 -15.4921
Female -0.0227 -0.0476 -0.0021

30 ≤ Age ≤ 39 -0.0423 -0.0651 -0.0209
40 ≤ Age ≤ 49 -0.0814 -1.7751 -0.0.0582

50 ≤ Age -1.8073 -2.0429 -0.0041
Mean
fitted
value

ln(r) -15.7224 -15.8249 -15.5715

σ 0.0042 0.0037 0.0051
LL 6994.93

Notes: Core sample of 3,164 households. The loss is assumed to be equal
to CRC 18 million.
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Appendix A.4. CRRA Utility

In this appendix, I present the complete results of assuming constant relative risk

aversion (CRRA) utility. CRRA utility is given by u(x) =
x1−ρ

1− ρ
for ρ 6= 1 and

u(x) = ln(x) for ρ = 1, where ρ is the coefficient of relative risk aversion. A

disadvantage of CRRA utility is that it requires imposing assumptions on the

household’s prior wealth, a variable that is unobservable from the data. More-

over, there is no consensus in the literature on the wealth that is relevant for the

household’s decisions. Previous papers often use the monthly or annual income,

although Sydnor (2010) argues that a more appropriate measure should be related

to permanent income.

I assume the same level of wealth for all households. This assumption is ques-

tionable because there surely is heterogeneity in wealth across my core sample. As

the relevant level of wealth, I conduct the analysis assuming both an annual level

of income and a lifetime level of income. According to the Costa Rican National

Household Survey, between 2010 and 2015 the annual per capita household income

was CRC 3,933,668. I consider this amount as the annual income. From the same

survey, I calculate the present value of the lifetime income to be approximately

CRC 80 million. Using this value as a benchmark, the levels of lifetime income I

consider in the analysis are CRC 40 million, CRC 80 million, and CRC 120 million.

To estimate the CRRA models, I follow the same steps as in the CARA anal-

ysis. Because the power function is defined for positive levels of final wealth, I

re-estimate the loss for every level of wealth using the standard expected-utility

model. Table A.7 summarizes the results assuming heterogeneity in preferences.

Complete results are available in Tables A.8 through A.23, including the homo-
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geneous preferences case (the conclusions are preserved). In every case the corre-

sponding loss exceeds the value of the wealth, underlining the high-stakes nature of

the lottery. As expected, the magnitude of the results is sensitive to the particular

assumption on wealth. However, the main message is unchanged.

Table A.7: Summary of CRRA Utility Results (Assuming Heterogeneity)

Estimate
CARA

Estimate CRRA
Annual
Income

Lifetime income
40 million 80 million 120 million

ln(l) 17.0402 15.3597 17.5230 18.2069 18.6092
Standard expected utility

Relative risk aversion (ρ) 2.8400 1.2713 1.0370 0.9276
Absolute risk aversion (r) 146 · 10-9 722 · 10-9 318 · 10-10 130 · 10-10 773 · 10-11

σ 0.0042 619 · 10-10 141 · 10-7 27 · 10-5 0.0011
LL -6993.56 -7604.12 -7302.67 -7188.16 -7128.77

State-dependent utility and probability weighting
Relative risk aversion (ρ) 0.6925 0.6838 0.6794 0.7093
Absolute risk aversion (r) 206 · 10-9 176 · 10-9 171 · 10-10 849 · 10-11 591 · 10-11

ΓD&I 0.0009 0.0151 0.0031 0.0019 0.0015
ΓS 0.0001 0.0075 0.0015 0.0010 0.0005
σ 0.0064 0.6665 0.1463 0.0979 0.0438

LL -6957.39 -6961.57 -6960.03 -6960.12 -6958.63

Note: Core sample of 3,164 households.

Tables A.8 through A.11 present the estimation of the standard expected-utility

model under homogeneous preferences. From these estimates, I obtain the loss that

I use in the subsequent analysis. Tables A.12 through A.15 present the results of the

state-dependent utility and probability weighting model assuming homogeneous

preferences. Tables A.16 through A.23 contain the analysis assuming observed

heterogeneity, and they report the complete results that Table A.7 summarizes.
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Table A.8: Estimation of the Model Assuming Standard Expected Utility. Annual
Income

Estimate
95 percent bootstrap
confidence interval

ln(ρ) -0.1664 -0.1730 0.1000
ln(l) 15.3597 15.3837 15.3597
σ 0.9744 0.0178 0.9944

LL -7770.19

Note: Core sample of 3,164 households.

Table A.9: Estimation of the Model Assuming Standard Expected Utility Lifetime
Income: 40 Million

Estimate
95 percent bootstrap
confidence interval

ln(ρ) -0.2636 -0.2952 0.1000
ln(l) 17.5230 17.5230 17.5258
σ 0.5146 0.0003 0.6955

LL -7744.52

Note: Core sample of 3,164 households.

Table A.10: Estimation of the Model Assuming Standard Expected Utility Lifetime
Income: 80 Million

Estimate
95 percent bootstrap
confidence interval

ln(ρ) -0.1843 -0.3082 0.0802
ln(l) 18.2069 18.2020 18.2083
σ 0.0765 0.0001 0.5408

LL -7687.24

Note: Core sample of 3,164 households.

Table A.11: Estimation of the Model Assuming Standard Expected Utility Lifetime
Income: 120 Million

Estimate
95 percent bootstrap
confidence interval

ln(ρ) -0.1814 -0.3080 0.0404
ln(l) 18.6092 18.5986 18.6102
σ 0.0530 0.0001 0.4002

LL -7663.94

Note: Core sample of 3,164 households.
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Table A.12: Estimation of the Model Assuming State-Dependent Utility and Prob-
ability Weighting. Annual Income

Estimate
95 percent bootstrap
confidence interval

ln(ρ) -0.2681 -0.3270 -0.2189
ΓD&I 0.0252 0.0186 0.0260
ΓS 0.0000 0.0000 0.0067
σ 0.2430 0.1428 0.4620

LL -7095.48

Notes: Core sample of 3,164 households. The
loss is assumed to be about CRC 4.68 million.

Table A.13: Estimation of the Model Assuming State-Dependent Utility and Prob-
ability Weighting. Lifetime Income: 40 Million

Estimate
95 percent bootstrap
confidence interval

ln(ρ) -0.2632 -0.3177 -0.2113
ΓD&I 0.0041 0.0034 0.0044
ΓS 0.0000 0.0000 0.0010
σ 0.0368 0.0194 0.0727

LL -7091.33

Notes: Core sample of 3,164 households. The
loss is assumed to be about CRC 40.75 million.

Table A.14: Estimation of the Model Assuming State-Dependent Utility and Prob-
ability Weighting. Lifetime Income: 80 Million

Estimate
95 percent bootstrap
confidence interval

ln(ρ) -0.2632 -0.3154 -0.2082
ΓD&I 0.0024 0.0020 0.0027
ΓS 0.0000 0.0000 0.0005
σ 0.0216 0.0104 0.0422

LL -7091.13

Notes: Core sample of 3,164 households. The
loss is assumed to be about CRC 80.75 million.
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Table A.15: Estimation of the Model Assuming State-Dependent Utility and Prob-
ability Weighting. Lifetime Income: 120 Million

Estimate
95 percent bootstrap
confidence interval

ln(ρ) -0.2629 -0.3168 -0.2098
ΓD&I 0.0018 0.0015 0.0020
ΓS 0.0000 0.0000 0.0004
σ 0.0157 0.0079 0.0321

LL -7091.05

Notes: Core sample of 3,164 households. The
loss is assumed to be about CRC 120.75 mil-
lion.

Table A.16: Estimation of the Model Assuming Standard Expected Utility. Ob-
served Heterogeneity. Annual Income

Estimate
95 percent bootstrap
confidence interval

βρ

Constant 0.8661 0.8424 1.0000
Female -0.0194 -0.0482 -0.0064

30 ≤ Age ≤ 39 0.6256 -0.1498 0.9990
40 ≤ Age ≤ 49 -0.2201 -0.3022 -0.1046

50 ≤ Age -0.2189 -0.3046 -0.1082
Mean
fitted
value

ln(ρ) 1.0438 0.7505 1.3336

σ 619 · 10-10 3 · 10-10 636 · 10-10

LL -7604.12

Notes: Core sample of 3,164 households. The loss is assumed to be
about CRC 4.68 million.
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Table A.17: Estimation of the Model Assuming Standard Expected Utility. Ob-
served Heterogeneity. Lifetime Income: 40 Million

Estimate
95 percent bootstrap
confidence interval

βρ

Constant 0.2775 0.2555 0.2965
Female -0.0327 -0.0493 -0.0175

30 ≤ Age ≤ 39 -0.0106 -0.0195 0.0031
40 ≤ Age ≤ 49 -0.0241 -0.0373 -0.0122

50 ≤ Age -0.0136 -0.0329 0.0032
Mean
fitted
value

ln(ρ) 0.2401 0.2251 0.2637

σ 141 · 10-7 1 · 10-8 23 · 10-6

LL -7302.67

Notes: Core sample of 3,164 households. The loss is assumed to be
about CRC 40.75 million.

Table A.18: Estimation of the Model Assuming Standard Expected Utility. Ob-
served Heterogeneity. Lifetime Income: 80 Million

Estimate
95 percent bootstrap
confidence interval

βρ

Constant 0.0689 0.0505 0.0888
Female -0.0412 -0.0594 -0.0228

30 ≤ Age ≤ 39 0.0009 -0.0092 0.0114
40 ≤ Age ≤ 49 -0.0083 -0.0208 0.0049

50 ≤ Age 0.0066 -0.0118 0.0249
Mean
fitted
value

ln(ρ) 0.0364 0.0260 0.0482

σ 27 · 10-5 22 · 10-5 34 · 10-5

LL -7188.16

Notes: Core sample of 3,164 households. The loss is assumed to be
about CRC 80.75 million.

135



Table A.19: Estimation of the Model Assuming Standard Expected Utility. Ob-
served Heterogeneity. Lifetime Income: 120 Million

Estimate
95 percent bootstrap
confidence interval

βρ

Constant -0.0443 -0.0619 -0.0236
Female -0.0460 -0.0677 -0.0255

30 ≤ Age ≤ 39 0.0059 -0.0048 0.0167
40 ≤ Age ≤ 49 -0.0016 -0.0150 0.0118

50 ≤ Age 0.0176 -0.0037 0.0361
Mean
fitted
value

ln(ρ) -0.0752 -0.0837 -0.0658

σ 0.0011 0.0010 0.0013
LL -7128.77

Notes: Core sample of 3,164 households. The loss is assumed to be
about CRC 120.75 million.
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Table A.20: Estimation of the Model Assuming State-Dependent Utility and Prob-
ability Weighting. Observed Heterogeneity. Annual Income

Estimate
95 percent bootstrap
confidence interval

βρ

Constant -0.3894 -0.5052 -0.2510
Female -0.0666 -0.0948 -0.0337

30 ≤ Age ≤ 39 0.0504 0.0220 0.0762
40 ≤ Age ≤ 49 0.1001 0.0645 0.1354

50 ≤ Age 0.1695 0.1173 0.2256

βΓD&I

Constant 0.0240 0.0220 0.0271
Female -0.0048 -0.0082 -0.0020

30 ≤ Age ≤ 39 0.0002 -0.0030 0.0024
40 ≤ Age ≤ 49 -0.0089 -0.0192 0.0002

50 ≤ Age -0.0181 -0.0221 -0.0140

βΓS

Constant 0.0009 0.0001 0.0043
Female 0.0009 -0.0027 0.0047

30 ≤ Age ≤ 39 0.0020 -0.0001 0.0058
40 ≤ Age ≤ 49 0.0102 0.0004 0.0213

50 ≤ Age 0.0159 0.0091 0.0218
Mean
fitted
value

ln(ρ) -0.3675 -0.4749 -0.2289
ΓD&I 0.0151 0.0125 0.0193
ΓS 0.0075 0.0034 0.0106

σ 0.6665 0.1614 1.7787
LL -6961.57

Notes: Core sample of 3,164 households. The loss is assumed to be
about CRC 4.68 million.
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Table A.21: Estimation of the Model Assuming State-Dependent Utility and Prob-
ability Weighting. Observed Heterogeneity. Lifetime Income: 40 Million

Estimate
95 percent bootstrap
confidence interval

βρ

Constant -0.3991 -0.5137 -0.2736
Female -0.0551 -0.0786 -0.0317

30 ≤ Age ≤ 39 0.0421 0.0201 0.0659
40 ≤ Age ≤ 49 0.0845 0.0574 0.1130

50 ≤ Age 0.1428 0.1022 0.1860

βΓD&I

Constant 0.0049 0.0042 0.0055
Female -0.0007 -0.0015 -0.0001

30 ≤ Age ≤ 39 -0.0002 -0.0007 0.0001
40 ≤ Age ≤ 49 -0.0022 -0.0040 0.0005

50 ≤ Age -0.0040 -0.0047 -0.0029

βΓS

Constant 0.0002 0.0000 0.0007
Female 0.0003 -0.0003 0.0013

30 ≤ Age ≤ 39 0.0003 -0.0002 0.0014
40 ≤ Age ≤ 49 0.0019 0.0001 0.0040

50 ≤ Age 0.0028 0.0013 0.0041
Mean
fitted
value

ln(ρ) -0.3801 -0.4907 -0.2458
ΓD&I 0.0031 0.0025 0.0037
ΓS 0.0015 0.0007 0.0023

σ 0.1463 0.0339 0.6166
LL -6960.03

Notes: Core sample of 3,164 households. The loss is assumed to be
about CRC 40.75 million.
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Table A.22: Estimation of the Model Assuming State-Dependent Utility and Prob-
ability Weighting. Observed Heterogeneity. Lifetime Income: 80 Million

βρ

Constant -0.4047 -0.5214 -0.2809
Female -0.0532 -0.0760 -0.0300

30 ≤ Age ≤ 39 0.0405 0.0187 0.0625
40 ≤ Age ≤ 49 0.0816 0.0540 0.1088

50 ≤ Age 0.1381 0.0964 0.1835

βΓD&I

Constant 0.0031 0.0025 0.0036
Female -0.0004 -0.0010 0.0000

30 ≤ Age ≤ 39 -0.0002 -0.0007 0.0001
40 ≤ Age ≤ 49 -0.0015 -0.0026 -0.0004

50 ≤ Age -0.0026 -0.0031 -0.0018

βΓS

Constant 0.0001 0.0000 0.0006
Female 0.0002 -0.0002 0.0010

30 ≤ Age ≤ 39 0.0002 -0.0001 0.0010
40 ≤ Age ≤ 49 0.0012 0.0001 0.0024

50 ≤ Age 0.0017 0.0007 0.0025
Mean
fitted
value

ln(ρ) -0.3865 -0.4963 -0.2623
ΓD&I 0.0019 0.0015 0.0024
ΓS 0.0010 0.0004 0.0016

σ 0.0979 0.0215 0.3254
LL -6960.12

Notes: Core sample of 3,164 households. The loss is assumed to be
about CRC 80.75 million.
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Table A.23: Estimation of the Model Assuming State-Dependent Utility and Prob-
ability Weighting. Observed Heterogeneity. Lifetime Income: 120 Million

Estimate
95 percent bootstrap
confidence interval

βρ

Constant -0.3590 -0.5246 -0.2825
Female -0.0501 -0.0746 -0.0298

30 ≤ Age ≤ 39 0.0367 0.0184 0.0619
40 ≤ Age ≤ 49 0.0745 0.0535 0.1067

50 ≤ Age 0.1274 0.0955 0.0955

βΓD&I

Constant 0.0022 0.0019 0.0028
Female -0.0001 -0.0007 0.0000

30 ≤ Age ≤ 39 -0.0001 -0.0006 0.0001
40 ≤ Age ≤ 49 -0.0011 -0.0020 -0.0003

50 ≤ Age -0.0021 -0.0024 -0.0014

βΓS

Constant 0.0000 0.0000 0.0004
Female 0.0000 -0.0001 0.0007

30 ≤ Age ≤ 39 0.0000 -0.0001 0.0007
40 ≤ Age ≤ 49 0.0008 0.0000 0.0019

50 ≤ Age 0.0013 0.0005 0.0020
Mean
fitted
value

ln(ρ) -0.3435 -0.4999 -0.2635
ΓD&I 0.0015 0.0011 0.0018
ΓS 0.0005 0.0003 0.0012

σ 0.0438 0.0160 0.2620
LL -6958.63

Notes: Core sample of 3,164 households. The loss is assumed to be
about CRC 120.75 million.
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APPENDIX B

APPENDIX OF CHAPTER 2: ADVERSE SELECTION AND

MORAL HAZARD IN PRIVATE HEALTHCARE WHEN

UNIVERSAL HEALTHCARE IS AVAILABLE

Appendix B.1. Individual Student Health Insurance-

Distribution of Choices by Copay-and-

Deductible Regime

Table B.1: Individual Student Health Insurance-Distribution of Choices by Copay-
and-Deductible Regime

Regime Period
Option 1 Option 2 Option 3 Option 4

NM1 M2 M3 M4

214.13 428.27 856.53 1284.80
1 t1 81.19% 15.13% 2.25% 1.42% 14,556
2 t2, t3 81.73% 14.38% 2.28% 1.61% 18,998
3 t4 80.67% 14.51% 2.34% 2.48% 16,793
4 t5 84.90% 10.32% 2.60% 2.18% 3,577

Notes: Individual Student Health Insurance sample of 32,187 individuals (53,924 individual-
years). For Option j (j = 1, 2, 3, 4), Mj represents the maximum insured amount in case
of an adverse event. Monetary amounts normalized such that real premium for Option 1 in
period t1 is 1.
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Appendix B.2. Comparison of Individuals that Bought

Insurance under Different Copay-and-

Deductible Regimes

Table B.2: Individual Student Health Insurance-Average Marginal Effects Claim
Rates Regression-Random-Effect Logit Model-For Individuals Observed in Multi-
ple Copay-and-Deductible Regimes

Regimes Where the Individual is Observed
1 and 2 2 and 3 3 and 4 1, 2, and 3 2, 3 and 4 All

Option
1 vs vs vs vs vs vs
2 0.016∗∗∗ 0.031∗∗∗ 0.038 0.035∗∗∗ 0.046∗∗ 0.104∗∗∗

(0.006) (0.008) (15.591) (0.008) (0.022) (0.033)
3 0.062∗∗ 0.056∗∗∗ 0.004 0.083∗∗∗ 0.200∗∗∗ 0.034

(0.028) (0.021) (1.845) (0.027) (0.071) (0.041)
4 0.113∗∗∗ 0.111∗∗∗ 0.058 0.094∗∗ 0.144∗∗∗ 0.059

(0.037) (0.028) (20.106) (0.037) (0.039) (0.055)
Policy
0% Copay vs vs vs vs vs
5% Copay -0.488∗∗∗ -0.011 -0.013

(0.001) (0.010) (0.026)
15% Copay -0.089∗∗∗

(0.015)
20% Copay -0.041
‘ (24.912)
25% Copay -0.048

(31.807)
15% copay +

3.81 Deductible
-0.016 vs -0.006 -0.047∗∗∗ 0.014
(0.010) (0.440) (0.015) (0.090)

N 7,752 6,628 984 5,995 1,190 849

Notes: All regressions include demographic controls (age, age2, gender, nationality plus interactions) as
well as year, month and region fixed effects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

142



Appendix B.3. Individual Student Health Insurance-

Random-Effect Logit Model

Table B.3: Individual Student Health Insurance-Claim Rates Regression-Random-
Effect Logit Model

Baseline
Plan

Choice
Deductible

Policy
Plan Choice +

Deductible Policy
Option
1 vs vs
2 1.339∗∗∗ 1.340∗∗∗

(0.103) (0.104)
3 2.253∗∗∗ 2.259∗∗∗

(0.186) (0.187)
4 2.877∗∗∗ 2.853∗∗∗

(0.179) (0.181)
Policy
0% Copay vs vs
5% Copay -0.563∗∗ -0.528∗∗

(0.223) (0.222)
15% Copay -1.372 -2.245∗∗∗

(0.918) (0.868)
20% Copay -1.767∗∗ -2.005∗∗

(0.837) (0.809)
25% Copay -2.884∗∗∗ -2.208∗∗∗

(0.719) (0.715)
15% copay +

3.81 Deductible
-0.556∗∗∗ -0.558∗∗∗

(0.212) (0.211)
Random Parameter Terms
σa 2.046 1.871 2.032 1.867

(0.101) (0.105) (0.102) (0.105)
ρ 0.560 0.515 0.557 0.514

(0.024) (0.028) (0.025) (0.028)
N 52,537 52,537 52,537 52,537
Ni 31,319 31,319 31,319 31,319
Interactions Yes Yes Yes Yes
LL -4249.128 -4052.357 -4234.111 -4040.425

Notes: All regressions include demographic controls (age, age2, gender, nationality plus
interactions) as well as year, month, and region fixed effects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Appendix B.4. Collective Student Health Insurance-Random-

Effect Logit Model

Table B.4: Collective Student Health Insurance-Claim Rates Regression-Random-
Effect Logit Model

Baseline
Plan

Choice
Deductible

Policy
Plan Choice +

Deductible Policy
Option
1 vs vs
2 0.545∗∗∗ 0.454

(0.104) (0.108)
3 -0.360 -0.390

(0.330) (0.335)
4 0.780∗∗∗ 0.620∗∗

(0.270) (0.275)
Policy
0% Copay vs vs
5% Copay 0.177 0.135

(0.217) (0.216)
25% Copay -0.377∗∗∗ -0.309∗∗∗

(0.073) (0.074)
15% copay +

3.81 Deductible
-1.573∗∗∗ -1.524∗∗∗

(0.441) (0.440)
Random Parameter Terms
σa 1.238 1.229 1.269 1.254

(0.070) (0.070) (0.070) (0.071)
ρ 0.318 0.315 0.329 0.323

(0.024) (0.025) (0.024) (0.025)
N 46,902 46,902 46,902 46,902
Ni 25,173 25,173 25,173 25,173
Interactions Yes Yes Yes Yes
LL -6293.11 -6276.71 -6270.85 -6260.17

Notes: All regressions include demographic controls (age, age2, gender, nationality plus
interactions) as well as month and region fixed effects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Appendix B.5. Comparison Individual and Collective

Student Health Insurance-Random-Effect

Logit Model

Table B.5: Comparison Individual and Collective Student Health Insurance-Claim
Rates Regression-Random-Effect Logit Model

Baseline
Plan

Choice
Deductible

Policy
Plan Choice +

Deductible Policy
Individual -0.060 0.677∗∗∗ 0.289∗∗

(0.103) (0.106) (0.120)

Option
1 vs vs
2 0.601∗∗∗ 0.540∗∗∗

(0.087) (0.090)
3 -0.134 -0.223

(0.331) (0.335)
4 1.004∗∗∗ 0.832∗∗∗

(0.234) (0.238)

Option*Individual
1 vs vs
2 0.729∗∗∗ 0.706∗∗∗

(0.127) (0.130)
3 2.228∗∗∗ 2.241∗∗∗

(0.370) (0.374)
4 1.636∗∗∗ 1.798∗∗∗

(0.279) (0.284)

Policy
0% Copay vs vs
5% Copay -0.110 -0.188

(0.211) (0.208)
25% Copay -2.028∗∗∗ -1.927∗∗∗

(0.434) (0.431)
15% copay +

3.81 Deductible
-0.376∗∗∗ -0.288∗∗∗

(0.075) (0.074)

Policy*Individual
0% Copay vs vs
5% Copay -0.481∗∗ -0.348

(0.233) (0.230)
25% Copay -1.397∗∗ -1.010

(0.665) (0.664)
15% copay +

3.81 Deductible
-0.463∗∗∗ -0.580∗∗∗

(0.117) (0.117)
Random Parameter Terms
σa 1.563 1.466 1.588 1.497

(0.056) (0.057) (0.057) (0.058)
ρ 0.426 0.395 0.434 0.405

(0.017) (0.019) (0.018) (0.019)
N 101,567 101,567 101,567 101,567
Ni 58,204 58,204 58,204 58,204
Interactions Yes Yes Yes Yes
LL -10,758.631 -10,506.828 -10,633.737 -10,408.296

Notes: All regressions include demographic controls (age, age2, gender, nationality plus
interactions) as well as month and region fixed effects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Appendix B.6. Comparison Individual and Collective Stu-

dent Health Insurance, Regimes 1 to 3-

Random-Effect Logit Model

Table B.6: Comparison Individual and Collective Student Health Insurance,
Regimes 1 to 3-Claim Rates Regression-Random-Effect Logit Model

Baseline
Plan

Choice
Deductible

Policy
Plan Choice +

Deductible Policy
Individual -0.012 0.673∗∗∗ 0.287∗∗

(0.104) (0.106) (0.120)

Option
1 vs vs
2 0.582∗∗∗ 0.543∗∗∗

(0.087) (0.090)
3 -0.169 -0.214

(0.331) (0.334)
4 0.948∗∗∗ 0.835∗∗∗

(0.234) (0.237)

Option*Individual
1 vs vs
2 0.662∗∗∗ 0.701∗∗∗

(0.127) (0.130)
3 2.186∗∗∗ 2.228∗∗∗

(0.369) (0.373)
4 1.611∗∗∗ 1.795∗∗∗

(0.279) (0.284)

Policy
0% Copay vs vs
5% Copay -0.112 -0.191

(0.211) (0.208)
15% copay +

3.81 Deductible
-0.378∗∗∗ -0.290∗∗∗

(0.075) (0.074)

Policy*Individual
0% Copay vs vs
5% Copay -0.476∗∗ -0.344

(0.233) (0.230)
15% copay +

3.81 Deductible
-0.460∗∗∗ -0.578∗∗∗

(0.117) (0.117)
Random Parameter Terms
σa 1.557 1.465 1.583 1.491

(0.056) (0.057) (0.057) (0.058)
ρ 0.424 0.395 0.432 0.403

(0.018) (0.019) (0.018) (0.019)
N 96,919 96,919 96,919 96,919
Ni 57,028 57,028 57,028 57,028
Interactions Yes Yes Yes Yes
LL -10,633.607 -10,402.639 -10,574.072 -10,348.320

Notes: All regressions include demographic controls (age, age2, gender, nationality plus
interactions) as well as month and region fixed effects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

146



Table B.7: Comparison Individual and Collective Student Health Insurance,
Regimes 1 to 3-Average Marginal Effects-Random-Effect Logit Model

Plan
Choice

Deductible
Policy

Plan Choice +
Deductible Policy

(1) (2) (3)
Individual Collective Individual Collective Individual Collective

Option
1 vs vs
2 0.033∗∗∗ 0.012∗∗∗ 0.036∗∗∗ 0.011∗∗∗

(0.003) (0.002) (0.004) (0.002)
3 0.073∗∗∗ -0.003 0.077∗∗∗ -0.003

(0.010) (0.005) (0.010) (0.005)
4 0.114∗∗∗ 0.023∗∗∗ 0.125∗∗∗ 0.019∗∗∗

(0.013) (0.008) (0.013) (0.007)
Policy
0% Copay vs vs
5% Copay -0.016∗∗∗ -0.002 -0.015∗∗∗ -0.004

(0.003) (0.004) (0.003) (0.004)
15% copay +

3.81 Deductible
-0.021∗∗∗ -0.007∗∗∗ -0.022∗∗∗ -0.005∗∗∗

(0.002) (0.001) (0.003) (0.001)
N 96,919 96,919 96,919

Notes: All regressions include demographic controls (age, age2, gender, nationality plus interactions) as
well as month and region fixed effects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Appendix B.7. Identification

Theorem 2.1. Suppose for any 0 < c1 < c2 < 1 we observe maximum utilizations

mmax
1 and mmax

2 . Then the preference parameters (β0, φ0) are identified.

We first prove a Lemma that will be used in the proof of the theorem.

Lemma B.2. Let f, g : [0, 1]→ R+ be functions satisfying:

lim
x→0+

f(x)

g(x)
= 0

f(x), g(x) finite on (0, 1].

Then there exists an x∗ such that f(x) < g(x) for all x ∈ (0, x∗].

Proof. Fix any ε ∈ (0, 1). Since limx→0+
f(x)
g(x)

= 0, there exists a δ(ε) such that∣∣∣∣f(x)

g(x)

∣∣∣∣ < ε

whenever |x| < δ(ε). Set x∗ = 1
2
δ(ε) and consider any x̃ ∈ (0, x∗]. We have

|x̃| < δ(ε) and hence

f(x̃) = |f(x̃)| < ε|g(x̃)| < |g(x̃)| = g(x̃),

as required.

Note that we only used limx→0+
f(x)
g(x)

= 0, f(x), g(x) ≥ 0, and x ∈ [0, 1] to

establish this lemma.

Now we proceed with the proof of Theorem 2.1
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Proof. From equation (2.9), we know that the true value of (β0, φ0) satisfies the

following relation

mmax
1

(1− βc10 )2

βc10

= mmax
2

(1− βc20 )2

βc20

= (φ0 ln(β0))2.

To that end, consider an arbitrary preference parameter vector (β, φ). We will

show that there is a unique solution to

mmax
1

(1− βc1)2

βc1
= mmax

2

(1− βc2)2

βc2
(B.1)

for β ∈ (0, 1), say β∗. And since the solution is unique it will follow that (β∗, φ∗) =

(β0, φ0), where φ∗ =

√
mmax

1

ln(β∗)
.

Re-write equation (B.1) as follows:

√
mmax

1 β−
c1
2 (1− βc1)︸ ︷︷ ︸

L(β)

=
√
mmax

2 β−
c2
2 (1− βc2)︸ ︷︷ ︸

R(β)

We establish the following:

i. L(β) is strictly decreasing and continuous in β with limβ→0+ L(β) =∞ and

limβ→1− L(β) = 0.

ii. R(β) is strictly decreasing and continuous in β with limβ→0+ R(β) =∞ and

limβ→1− R(β) = 0

iii. L′(1) < R′(1) < 0

iv. limβ→0+
L(β)
R(β)

= 0.

v. L′′(β), R′′(β) ≥ 0 for all β ∈ (0, 1).
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For reference we have:

L′(β) = −
√
mmax

1 c1

2

(
β

c1
2
−1 + β

c1
2
−1
)

R′(β) = −
√
mmax

2 c2

2

(
β

c12
2
−1 + β

c2
2
−1
)

L′′(β) = −
√
mmax

1 c1

2
β

c1
2
−2
[c1

2
− 1−

(c1

2
+ 1
)
β−c1

]
R′′(β) = −

√
mmax

2 c2

2
β

c2
2
−2
[c2

2
− 1−

(c2

2
+ 1
)
β−c2

]
From the definition of L(β) and R(β) it is straightforward to see that Part (i) and

(ii) hold. Consider Part (iii). We have

L′(1) = −c1

√
mmax

1

= −c1
β
c1/2
0 φ0| ln(β0)|

1− βc10

It follows that L′(1) < R′(1) iff

c1
β
c1/2
0 φ0| ln(β0)|

1− βc10

> c2
β
c2/2
0 φ0| ln(β0)|

1− βc20

⇐⇒

c1
β
c1/2
0

1− βc10

> c2
β
c2/2
0

1− βc20

.

Define f(c; β0) = c
β
c/2
0

1−βc
0
. We claim that for any fixed β0 ∈ (0, 1) that f ′(c; β0) < 0

for all c ∈ (0, 1) and hence L′(1) < R′(1). We have:

f ′(c; β0) =
2β

c/2
0 (1− βc0) + cβ

c/2
0 ln(β0)(1− βc0) + 2cβ

3c/2
0 ln(β0)

(1− βc0)2
,

which is strictly less than 0 iff for all c ∈ (0, 1) and β0 ∈ (0, 1)

2(1− βc0) + c ln(β0)(1− βc0) + 2cβc0 ln(β0) < 0 ⇐⇒

2(1− βc0) + c ln(β0)(1 + βc0) < 0 ⇐⇒

2 < 2βc0 − c ln(β0)(1 + βc0).

For any β0 ∈ (0, 1), the RHS, g(c; β0) ≡ 2βc0 − c ln(β0)(1 + βc0), is minimized at

c = 0 with g(0; β0) = 2. To establish this claim we show that

g′(c; β0) = − ln(β0)(1− βc0 + cβc ln(β)) > 0.

150



g′(c; β0) ≥ 0 if and only if for any (c, β0) ∈ (0, 1) × (0, 1) we have (βc0 −

cβc ln(β)) ∈ (0, 1). To that end fix any c ∈ (0, 1) and define h : (0, 1) → R

by h(x; c) = xc(1 − cxc ln(x)). The function h(x; c) is strictly increasing since

h′(x; c) = −2c2x2c−1 ln(x) > 0 and h(1) = 1. Therefore h(x; c) ≤ 1. We also have

lim
x→0+

h(x) = lim
x→0+

xc(1− cxc ln(x))

= lim
x→0+

xc ×
(

1− c lim
x→0+

xc ln(x)

)
= 0× (1− 0) (By L’Hospital’s Rule)

= 0.

Since h(x; c) is strictly increasing on (0, 1) and limx→0+ h(x; c) = 0, h(x; c) > 0

for all x ∈ (0, 1). This holds for any c ∈ (0, 1), so that h(x; c) ∈ (0, 1) for all

(c, x) ∈ (0, 1) × (0, 1). It follows that g′(c; β0) > 0, establishing our claim. Now

since g(c; β0) is minimized at c = 0 and g is strictly decreasing in c, it follows that

for any c ∈ (0, 1) and any β0 ∈ (0, 1) that f ′(c; β0) < 0 and hence L′(1) < R′(1),

as required.

Now consider Part (iv). We have:

lim
β→0+

L(β)

R(β)
=
√
mmax

1 /mmax
2 lim

β→0+
β(c2−c1)/2 1− βc1

1− βc2

=
√
mmax

1 /mmax
2 × 0× 1

= 0.

Finally, Part (v) follows since c1/2 − 1 < 0 and −
(
c2
2

+ 1
)
β−c2 < 0 for all

β ∈ (0, 1).

Using Parts (i) – (v) we can now establish the Theorem. By (i), (ii), and (iii)

there is an interval I1 = (η, 1) such that L(β) > R(β) for all β ∈ I1. By (i), (ii),

151



(iv) and Lemma B.2, there is an interval I0 = (0, η) such that R(β) > L(β) for all

β ∈ I0. By the Intermediate Value Theorem there exists at least one β∗ ∈ (0, 1)

such that L(β) = R(β). Uniqueness follows from the fact that L(·) and R(·) are

both strictly decreasing and convex (Part (v)).
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APPENDIX C

APPENDIX OF CHAPTER 3: MULTINATIONALS AND

DEVELOPMENT: EVIDENCE FROM THE UNITED FRUIT

COMPANY IN COSTA RICA

Appendix C.1. Historical Details

This section provides more details on the role and decay of the UFCo in Costa

Rica and complements the historical background presented in Section 3.2.

Figure C.1 shows how, after 1880 banana production in Costa Rica increased

in volume and importance. By 1905 bananas had reached the same place in Costa

Rica’s exporting value than coffee (Costa Rica’s main export product at the time).

Figure C.1: Banana and coffee as percent of total exports, 1883-1918.
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Source: Authors’ calculations based on the “Statistical Summary, years 1883 to
1910: trade, agriculture, industry” and 1911 to 1918 Costa Rican Statistic Year-
books.

The railroad construction and the banana activity stimulated population

growth in Limón, the province where our chapter restricts attention. Table C.1
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shows the dynamics of population growth in Limón using census data from 1883

to 1963, while Table C.2 shows the role of foreigners in these population dynamics.

Table C.1: Population and Growth Rates

Census
1883 1892 1927 1950 1963

Pop. G.R Pop. G.R Pop. G.R Pop. G.R Pop. G.R
Limón Province 1,858 - 7,484 16.74 32,278 4.26 41,360 1.08 68,385 3.94

Rest of Costa Rica 180,215 - 235,721 3.03 439,246 1.79 759,515 2.41 1,267,889 4.02

Notes: Pop= Population. G.R= Annual population growth rate (percentage).
Source: Authors’ calculations based on 1883, 1892, 1927, 1950, and 1963 Costa Rican Census.

Table C.2: Percentage of Foreigners in the Population

Census
1883 1892 1927 1950 1963

Limón Province 68.51 14.04 68.75 26.84 7.53
Rest of Costa Rica 1.80 2.15 4.67 2.96 2.25

Source: Authors’ calculations based on 1883, 1892, 1927, 1950,
and 1963 Costa Rican Census.

Figure C.2 illustrates the evolution of UFCo employment in Costa Rica. On

average, between 1912 and 1931 the UFCo employed around 7.96% of the total

agricultural workers in the country and 4.82% of the entire labor force. Between

1946 and 1976, the numbers were 6.93% and 3.50%, respectively.

The UFCo produced bananas in the Caribbean Coast until 1938, when the

Panama disease forced the company to shift operations to the Pacific Coast. Figure

C.3 shows how the ports located on the Pacific Coast took a predominant role in

the banana exports, while the ports in the Atlantic Coast lost relevance. However,

although the enclave structure and the banana production moved to the Pacific

Coast, the UFCo kept landholdings in the Caribbean Coast and continued growing

alternative products such as cacao and rubber (Viales, 1998). In 1976 the UFCo,

now organized under the United Brands name, returned banana production to the

Caribbean Coast. By then, new entrants in the banana market prevented the UFCo
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Figure C.2: UFCo employees as percentage of Costa Rican labor force, 1912-1976.
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Source: Authors’ calculations based on United Fruit Company Medical Depart-
ment Annual Report for 1912-1931, Ellis (1983) for 1946-1976, and 1892, 1927,
1950, 1963, 1973, and 1984 Costa Rican Census.

of having the protagonist role and monopoly power that it had at the beginning

of the century (Viales and Montero, 2013). Finally, due to labor conflicts, soil

exhaustion, increases in production costs, and a corporate strategy that divested

in the production process to focus on marketing, the UFCo abandoned banana

production in the Pacific Coast in 1984 (Royo, 2009, p. 37). The overall production

pattern is evident in Figure C.4, which documents the total land destined to banana

grow.
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Figure C.3: Banana exports by coast of origin, 1920-1947.
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Source: “Statistical Summary, years 1883 to 1910: trade, agriculture, industry,”
1911 to 1926 Costa Rican Statistic Yearbooks, and “Export Bulletin 1941-1947.”

Figure C.4: Squared kilometers of banana plantations, 1900-1984.
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Appendix C.2. Unsatisfied Basic Needs (UBN) Index

Construction

To specify the set of basic needs that we consider in the chapter and the threshold

for attaining those needs, we follow the methodology for Costa Rica proposed by

Méndez and Trejos (2004). Méndez and Trejos constructed the index based on

information from the 2000 Census. The method can be applied straightforwardly

to the 2011 Census, given the similarity of the questions between the 2000 and

2011 censuses (Méndez and Bravo, 2014). To adapt the method to the 1973 and

1984 censuses, we select the components for which similar variables are available in

all four censuses. Moreover, for consumption capacity, we adjusted the minimum

average years of schooling for the income recipients according to the average years

of schooling of the population from 25 to 65 years old. Table C.2 presents the

variables from the census that constitute each basic need.

Appendix C.7 shows that if we use the index proposed by Méndez and Trejos

for the census where it can be directly applied (2000 and 2011 censuses), the main

results of the chapter are preserved.
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Appendix C.3. Additional Figures

Figure C.5 provides an example of one of the original maps from the National

Archives of Costa Rica (Archivo Nacional de Costa Rica) that we collected,

scanned, and digitized.

Figure C.5: One of the original maps from the National Archives of Costa Rica
(Archivo Nacional de Costa Rica).

Source: National Archives of Costa Rica. Fondo: Mapa. Signatura: 17849.
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Appendix C.4. Details on Government Expenditures

Table C.4 compares government spending per capita between UFCo municipalities

and all other rural municipalities in the country, and do not find significant differ-

ences. We gathered data on government spending per canton from annual reports

from the Comptroller General of the Republic of Costa Rica (Contraloŕıa General

de la República de Costa Rica) published between 1955 and 1984,1 and estimate

spending per capita.

Table C.4: Comparison of Government Spending per Capita

Ln Government
Spending per Capita
(1) (2)

UFCo 0.004 -0.006
(0.084) (0.086)

Adjusted R2 -0.001 0.349
N 669 669

Clusters 50 50
Year FE No Yes

Notes: The unit of observation is the
municipality. Robust standard errors,
adjusted for clustering by municipality,
are in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

1Although the publication was annual, the records on government spending per municipality
appear for 15 years between 1951 (the first publication year) and 1984 (when the UFCo ended
operations).
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Appendix C.5. Falsification Test

Table C.5: Contemporary Household Outcomes: Placebo Test

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
Panel A: Placebo at +2km

UFCo 0.022 -0.009 0.027 -0.010 0.008 0.031
(0.034) (0.019) (0.018) (0.030) (0.040) (0.066)
[0.039] [0.017] [0.021] [0.020] [0.031] [0.067]

Adjusted R2 0.098 0.173 0.240 0.014 0.111 0.195
N 8,786 8,786 8,786 8,786 8,786 8,786

Clusters 200 200 200 200 200 200
Panel B: Placebo at -2km

UFCo -0.030 0.008 -0.006 0.005 -0.008 -0.023
(0.025) (0.019) (0.019) (0.024) (0.030) (0.056)
[0.031] [0.019] [0.019] [0.027] [0.029] [0.054]

Adjusted R2 0.098 0.173 0.239 0.014 0.111 0.195
N 8,786 8,786 8,786 8,786 8,786 8,786

Clusters 200 200 200 200 200 200

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard
errors, adjusted for clustering by census block, are in parentheses. Conley standard errors are
in brackets. All regressions include geographic controls for slope, elevation, and temperature;
demographic controls for the number of adults, children, and infants in the household; census fixed
effects, and a linear polynomial in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Appendix C.6. Additional Robustness Checks

Our additional robustness checks presented in this section include: alternative

specifications of the RD polynomial, ignoring geographic and/or demographic con-

trols, controlling for distance to a railroad, running our regressions at different

distances from the boundary, using only subsamples of non-migrants, and com-

paring the results of subsamples where individuals worked in agricultural versus

non-agricultural activities.

C.6.1 Varying Specifications for the RD Polynomial

In our original results, we used a linear polynomial in latitude and longitude. In

this section, we test the robustness of our results to different specifications for

the RD polynomial. In particular, we use a quadratic polynomial and a linear

polynomial in latitude, longitude, and distance to the boundary.
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Quadratic Latitude-Longitude Polynomial

Table C.6: Average UFCo Effect-Quadratic Latitude-Longitude Polynomial

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo -0.097 -0.013 -0.058 -0.059 -0.122 -0.226

(0.028)∗∗∗ (0.019) (0.022)∗∗ (0.025)∗∗ (0.032)∗∗∗ (0.060)∗∗∗

[0.033]∗∗∗ [0.015] [0.012]∗∗∗ [0.025]∗∗ [0.027]∗∗∗ [0.055]∗∗∗

Adjusted R2 0.102 0.173 0.241 0.015 0.115 0.200
N 8,786 8,786 8,786 8,786 8,786 8,786

Clusters 200 200 200 200 200 200
Mean 0.176 0.060 0.235 0.200 0.481 0.670

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include geographic controls for slope, elevation, and temperature; demographic controls for the
number of adults, children, and infants in the household; census fixed effects, and a quadratic polynomial
in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.7: Dynamics Across Years-Quadratic Latitude-Longitude Polynomial

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo1973 -0.204 -0.277 -0.064 -0.127 -0.225 -0.672

(0.068)∗∗∗ (0.080)∗∗∗ (0.041) (0.046)∗∗∗ (0.070)∗∗∗ (0.164)∗∗∗

[0.071]∗∗∗ [0.078]∗∗∗ [0.031]∗∗ [0.050]∗∗ [0.054]∗∗∗ [0.148]∗∗∗

UFCo1984 -0.059 0.016 -0.087 -0.065 -0.079 -0.194
(0.050) (0.027) (0.028)∗∗∗ (0.036)∗ (0.049) (0.095)∗∗

[0.035]∗ [0.010]∗ [0.022]∗∗∗ [0.030]∗∗ [0.032]∗∗ [0.060]∗∗∗

UFCo2000 -0.084 0.020 -0.062 -0.085 -0.136 -0.210
(0.033)∗∗ (0.019) (0.022)∗∗∗ (0.027)∗∗∗ (0.038)∗∗∗ (0.062)∗∗∗

[0.032]∗∗∗ [0.019] [0.012]∗∗∗ [0.024]∗∗∗ [0.032]∗∗∗ [0.054]∗∗∗

UFCo2011 -0.095 0.021 -0.039 -0.013 -0.099 -0.126
(0.031)∗∗∗ (0.017) (0.036) (0.037) (0.039)∗∗ (0.064)∗

[0.034]∗∗∗ [0.021] [0.027] [0.054] [0.052]∗ [0.093]
Adjusted R2 0.103 0.199 0.241 0.017 0.116 0.207

N 8,786 8,786 8,786 8,786 8,786 8,786
Clusters 200 200 200 200 200 200
Mean1973 0.462 0.353 0.393 0.208 0.777 1.416
Mean1984 0.209 0.060 0.362 0.201 0.579 0.832
Mean2000 0.145 0.031 0.230 0.178 0.452 0.584
Mean2011 0.124 0.018 0.156 0.215 0.402 0.512

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include geographic controls for slope, elevation, and temperature; demographic controls for the
number of adults, children, and infants in the household; census fixed effects, and a quadratic polynomial
in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Linear polynomial in latitude, longitude, and distance to the boundary

Table C.8: Contemporary Household Outcomes: Average UFCo Effect-Linear
polynomial in latitude, longitude, and distance to the boundary

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo -0.095 -0.016 -0.055 -0.060 -0.123 -0.226

(0.026)∗∗∗ (0.017) (0.022)∗∗ (0.025)∗∗ (0.030)∗∗∗ (0.056)∗∗∗

[0.029]∗∗∗ [0.014] [0.018]∗∗∗ [0.026]∗∗ [0.026]∗∗∗ [0.051]∗∗∗

Adjusted R2 0.102 0.173 0.241 0.015 0.115 0.200
N 8,786 8,786 8,786 8,786 8,786 8,786

Clusters 200 200 200 200 200 200
Mean 0.176 0.060 0.235 0.200 0.481 0.670

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include geographic controls for slope, elevation, and temperature; demographic controls for
the number of adults, children, and infants in the household; census fixed effects, and a linear polynomial
in latitude, longitude, and distance to the UFCo boundary.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.9: Contemporary Household Outcomes: Dynamics Across Years-Linear
polynomial in latitude, longitude, and distance to the boundary

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo1973 -0.200 -0.275 -0.064 -0.127 -0.227 -0.666

(0.066)∗∗∗ (0.080)∗∗∗ (0.041) (0.048)∗∗∗ (0.071)∗∗∗ (0.165)∗∗∗

[0.069]∗∗∗ [0.081]∗∗∗ [0.034]∗ [0.045]∗∗∗ [0.057]∗∗∗ [0.153]∗∗∗

UFCo1984 -0.055 0.013 -0.084 -0.068 -0.080 -0.195
(0.048) (0.028) (0.028)∗∗∗ (0.036)∗ (0.049) (0.093)∗∗

[0.033]∗ [0.014] [0.026]∗∗∗ [0.030]∗∗ [0.032]∗∗ [0.063]∗∗∗

UFCo2000 -0.079 0.020 -0.057 -0.082 -0.132 -0.199
(0.032)∗∗ (0.017) (0.058)∗∗∗ (0.026)∗∗∗ (0.036)∗∗∗ (0.062)∗∗∗

[0.029]∗∗∗ [0.017] [0.018]∗∗∗ [0.024]∗∗∗ [0.031]∗∗∗ [0.053]∗∗∗

UFCo2011 -0.093 0.020 -0.038 -0.015 -0.101 -0.125
(0.030)∗∗∗ (0.016) (0.030) (0.037) (0.038)∗∗ (0.063)∗∗

[0.033]∗∗∗ [0.020] [0.031] [0.056] [0.053]∗ [0.095]
Adjusted R2 0.103 0.199 0.241 0.017 0.116 0.206

N 8,786 8,786 8,786 8,786 8,786 8,786
Clusters 200 200 200 200 200 200
Mean1973 0.462 0.353 0.393 0.208 0.777 1.416
Mean1984 0.209 0.060 0.362 0.201 0.579 0.832
Mean2000 0.145 0.031 0.230 0.178 0.452 0.584
Mean2011 0.124 0.018 0.156 0.215 0.402 0.512

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include geographic controls for slope, elevation, and temperature; demographic controls for
the number of adults, children, and infants in the household; census fixed effects, and a linear polynomial
in latitude, longitude, and distance to the UFCo boundary.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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C.6.2 Ignoring Demographic and Geographic Controls

No Demographic Controls

Table C.10: Average UFCo Effect-No Demographic Controls

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo -0.102 -0.014 -0.086 -0.062 -0.142 -0.264

(0.027)∗∗∗ (0.017) (0.025)∗∗∗ (0.025)∗∗ (0.033)∗∗∗ (0.063)∗∗∗

[0.032]∗∗∗ [0.014] [0.014]∗∗∗ [0.023]∗∗∗ [0.025]∗∗∗ [0.055]∗∗∗

Adjusted R2 0.071 0.166 0.044 0.003 0.057 0.111
N 8,786 8,786 8,786 8,786 8,786 8,786

Clusters 200 200 200 200 200 200
Mean 0.176 0.060 0.235 0.200 0.481 0.670

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include geographic controls for slope, elevation, and temperature; census fixed effects, and a
linear polynomial in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.11: Contemporary Household Outcomes: Dynamics Across Years-No De-
mographic Controls

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo1973 -0.209 -0.269 -0.098 -0.127 -0.247 -0.703

(0.066)∗∗∗ (0.081)∗∗∗ (0.055)∗ (0.052)∗∗ (0.073)∗∗∗ (0.175)∗∗∗

[0.067]∗∗∗ [0.081]∗∗∗ [0.052]∗ [0.049]∗∗ [0.058]∗∗∗ [0.160]∗∗∗

UFCo1984 -0.056 0.013 -0.089 -0.068 -0.082 -0.200
(0.051) (0.027) (0.034)∗∗∗ (0.037)∗ (0.057) (0.109)∗

[0.040] [0.014] [0.027]∗∗∗ [0.030]∗∗ [0.035]∗∗ [0.074]∗∗∗

UFCo2000 -0.089 0.023 -0.092 -0.085 -0.155 -0.244
(0.031)∗∗∗ (0.018) (0.027)∗∗∗ (0.026)∗∗∗ (0.039)∗∗∗ (0.062)∗∗∗

[0.032]∗∗∗ [0.017] [0.017]∗∗∗ [0.022]∗∗∗ [0.034]∗∗∗ [0.059]∗∗∗

UFCo2011 -0.099 0.023 -0.075 -0.017 -0.123 -0.168
(0.031)∗∗∗ (0.016) (0.030)∗∗ (0.037) (0.039)∗∗∗ (0.064)∗∗∗

[0.035]∗∗∗ [0.020] [0.021]∗∗∗ [0.053] [0.047]∗∗∗ [0.083]∗∗

Adjusted R2 0.072 0.192 0.044 0.005 0.059 0.117
N 8,786 8,786 8,786 8,786 8,786 8,786

Clusters 200 200 200 200 200 200
Mean1973 0.462 0.353 0.393 0.208 0.777 1.416
Mean1984 0.209 0.060 0.362 0.201 0.579 0.832
Mean2000 0.145 0.031 0.230 0.178 0.452 0.584
Mean2011 0.124 0.018 0.156 0.215 0.402 0.512

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include geographic controls for slope, elevation, and temperature; census fixed effects, and a
linear polynomial in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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No Geographic Controls

Table C.12: Average UFCo Effect-No Geographic Control

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo -0.103 -0.021 -0.052 -0.062 -0.131 -0.238

(0.026)∗∗∗ (0.017) (0.023)∗∗ (0.024)∗∗ (0.030)∗∗∗ (0.057)∗∗∗

[0.031]∗∗∗ [0.017] [0.018]∗∗∗ [0.024]∗∗∗ [0.025]∗∗∗ [0.052]∗∗∗

Adjusted R2 0.101 0.168 0.240 0.015 0.115 0.199
N 8,786 8,786 8,786 8,786 8,786 8,786

Clusters 200 200 200 200 200 200
Mean 0.176 0.060 0.235 0.200 0.481 0.670

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include demographic controls for the number of adults, children, and infants in the household;
census fixed effects, and a linear polynomial in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.13: Contemporary Household Outcomes: Dynamics Across Years-No Ge-
ographic Controls

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo1973 -0.219 -0.288 -0.054 -0.132 -0.247 -0.693

(0.062)∗∗∗ (0.079)∗∗∗ (0.045) (0.047)∗∗∗ (0.067)∗∗∗ (0.158)∗∗∗

[0.066]∗∗∗ [0.078]∗∗∗ [0.035] [0.048]∗∗∗ [0.053]∗∗∗ [0.146]∗∗∗

UFCo1984 -0.062 0.010 -0.083 -0.088 -0.082 -0.207
(0.048) (0.028) (0.027)∗∗∗ (0.035)∗∗ (0.046)∗ (0.092)∗∗

[0.035]∗ [0.016] [0.023]∗∗∗ [0.031]∗∗ [0.033]∗∗∗ [0.068]∗∗∗

UFCo2000 -0.082 0.018 -0.055 -0.085 -0.136 -0.204
(0.031)∗∗∗ (0.018) (0.023)∗∗ (0.026)∗∗∗ (0.036)∗∗∗ (0.059)∗∗∗

[0.029]∗∗∗ [0.017] [0.018]∗∗∗ [0.025]∗∗∗ [0.030]∗∗∗ [0.051]∗∗∗

UFCo2011 -0.101 0.017 -0.036 -0.020 -0.110 -0.140
(0.030)∗∗∗ (0.017) (0.030) (0.035) (0.037)∗∗∗ (0.062)∗∗

[0.032]∗∗∗ [0.020] [0.031] [0.050] [0.049]∗∗ [0.087]
Adjusted R2 0.103 0.198 0.240 0.017 0.116 0.206

N 8,786 8,786 8,786 8,786 8,786 8,786
Clusters 200 200 200 200 200 200
Mean1973 0.462 0.353 0.393 0.208 0.777 1.416
Mean1984 0.209 0.060 0.362 0.201 0.579 0.832
Mean2000 0.145 0.031 0.230 0.178 0.452 0.584
Mean2011 0.124 0.018 0.156 0.215 0.402 0.512

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include demographic controls for the number of adults, children, and infants in the household;
census fixed effects, and a linear polynomial in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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No Demographic or Geographic Controls

Table C.14: Average UFCo Effect-No Demographic or Geographic Controls

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo -0.108 -0.018 -0.080 -0.064 -0.148 -0.271

(0.027)∗∗∗ (0.017) (0.025)∗∗∗ (0.025)∗∗ (0.033)∗∗∗ (0.064)∗∗∗

[0.034]∗∗∗ [0.016] [0.012]∗∗∗ [0.023]∗∗∗ [0.025]∗∗∗ [0.057]∗∗∗

Adjusted R2 0.070 0.161 0.044 0.003 0.057 0.110
N 8,786 8,786 8,786 8,786 8,786 8,786

Clusters 200 200 200 200 200 200
Mean 0.176 0.060 0.235 0.200 0.481 0.670

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include census fixed effects, and a linear polynomial in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table C.15: Dynamics Across Years-No Demographic or Geographic Controls

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo1973 -0.225 -0.285 -0.080 -0.133 -0.263 -0.722

(0.064)∗∗∗ (0.079)∗∗∗ (0.058) (0.050)∗∗∗ (0.071)∗∗∗ (0.170)∗∗∗

[0.068]∗∗∗ [0.078]∗∗∗ [0.050] [0.051]∗∗∗ [0.059]∗∗∗ [0.158]∗∗∗

UFCo1984 -0.062 0.010 -0.085 -0.072 -0.089 -0.209
(0.051) (0.028) (0.035)∗∗ (0.036)∗∗ (0.055) (0.108)∗

[0.042] [0.017] [0.026]∗∗∗ [0.031]∗∗ [0.037]∗∗ [0.079]∗∗∗

UFCo2000 -0.092 0.022 -0.090 -0.088 -0.159 -0.248
(0.031)∗∗∗ (0.018) (0.028)∗∗ (0.026)∗∗∗ (0.039)∗∗∗ (0.062)∗∗∗

[0.032]∗∗∗ [0.017] [0.016]∗∗∗ [0.023]∗∗∗ [0.034]∗∗∗ [0.057]∗∗∗

UFCo2011 -0.106 0.020 -0.071 -0.022 -0.131 -0.179
(0.031)∗∗∗ (0.017) (0.030)∗∗ (0.034) (0.038)∗∗∗ (0.062)∗∗∗

[0.034]∗∗∗ [0.020] [0.021]∗∗∗ [0.048] [0.043]∗∗∗ [0.075]∗∗

Adjusted R2 0.072 0.191 0.043 0.005 0.058 0.117
N 8,786 8,786 8,786 8,786 8,786 8,786

Clusters 200 200 200 200 200 200
Mean1973 0.462 0.353 0.393 0.208 0.777 1.416
Mean1984 0.209 0.060 0.362 0.201 0.579 0.832
Mean2000 0.145 0.031 0.230 0.178 0.452 0.584
Mean2011 0.124 0.018 0.156 0.215 0.402 0.512

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include census fixed effects, and a linear polynomial in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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C.6.3 Distance to a Railroad

In this section, we include as a control variable the nearest distance of each census

block centroid to a railroad. Our results suggest that the UFCo effect is not

exclusively a product of the provision of railroads.

Table C.16: Average UFCo Effect-Distance to a Railroad

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo -0.096 -0.017 -0.057 -0.059 -0.123 -0.228

(0.026)∗∗∗ (0.017) (0.022)∗∗ (0.025)∗∗ (0.031)∗∗∗ (0.057)∗∗∗

[0.029]∗∗∗ [0.014] [0.019]∗∗∗ [0.025]∗∗ [0.027]∗∗∗ [0.052]∗∗∗

Adjusted R2 0.101 0.173 0.240 0.015 0.115 0.200
N 8,786 8,786 8,786 8,786 8,786 8,786

Clusters 200 200 200 200 200 200
Mean 0.176 0.060 0.235 0.200 0.481 0.670

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets.
All regressions include a control for distance to a railroad; geographic controls for slope, elevation, and
temperature; demographic controls for the number of adults, children, and infants in the household;
census fixed effects, and a linear polynomial in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.17: Dynamics Across Years-Distance to Railroad

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo1973 -0.206 -0.277 -0.067 -0.126 -0.227 -0.676

(0.064)∗∗∗ (0.080)∗∗∗ (0.043) (0.048)∗∗∗ (0.070)∗∗∗ (0.163)∗∗∗

[0.069]∗∗∗ [0.079]∗∗∗ [0.034]∗∗ [0.047]∗∗∗ [0.055]∗∗∗ [0.148]∗∗∗

UFCo1984 -0.055 0.014 -0.086 -0.067 -0.081 -0.194
(0.048) (0.027) (0.028)∗∗∗ (0.036)∗ (0.049)∗ (0.093)∗∗

[0.033]∗ [0.012] [0.028]∗∗∗ [0.029]∗∗ [0.033]∗∗ [0.060]∗∗∗

UFCo2000 -0.080 0.019 -0.057 -0.082 -0.132 -0.200
(0.032)∗∗ (0.018) (0.022)∗∗ (0.026)∗∗∗ (0.036)∗∗∗ (0.059)∗∗∗

[0.028]∗∗∗ [0.018] [0.019]∗∗∗ [0.024]∗∗∗ [0.031]∗∗∗ [0.052]∗∗∗

UFCo2011 -0.092 0.021 -0.039 -0.014 -0.102 -0.125
(0.030)∗∗∗ (0.017) (0.030) (0.037) (0.038)∗∗∗ (0.064)∗

[0.031]∗∗∗ [0.021] [0.031] [0.055] [0.053]∗ [0.096]
Adjusted R2 0.103 0.199 0.241 0.017 0.116 0.206

N 8,786 8,786 8,786 8,786 8,786 8,786
Clusters 200 200 200 200 200 200
Mean1973 0.462 0.353 0.393 0.208 0.777 1.416
Mean1984 0.209 0.060 0.362 0.201 0.579 0.832
Mean2000 0.145 0.031 0.230 0.178 0.452 0.584
Mean2011 0.124 0.018 0.156 0.215 0.402 0.512

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets.
All regressions include a control for distance to a railroad; geographic controls for slope, elevation, and
temperature; demographic controls for the number of adults, children, and infants in the household;
census fixed effects, and a linear polynomial in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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C.6.4 Varying the Maximum Distance to the Boundary

In this section, we present our results restricting the sample to households lo-

cated within 1 km of the boundary. Our results hold even within these narrow

neighborhoods.

Table C.18: Average UFCo Effect-Restricted 1 km

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

UFCo -0.100 -0.014 -0.085 -0.084 -0.149 -0.284
(0.034)∗∗∗ (0.030) (0.030)∗∗∗ (0.024)∗∗∗ (0.046)∗∗∗ (0.074)∗∗∗

[0.022]∗∗∗ [0.010] [0.018]∗∗∗ [0.019]∗∗∗ [0.024]∗∗∗ [0.027]∗∗∗

Adjusted R2 0.144 0.224 0.274 0.031 0.157 0.269
N 1,937 1,937 1,937 1,937 1,937 1,937

Clusters 44 44 44 44 44 44
Mean 0.176 0.060 0.235 0.200 0.481 0.670

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. The sample is restricted
to census block located within 1 km of the UFCo boundary. Robust standard errors, adjusted for
clustering by census block, are in parentheses. Conley standard errors are in brackets. All regressions
include geographic controls for slope, elevation, and temperature; demographic controls for the number
of adults, children, and infants in the household; census fixed effects, and a linear polynomial in latitude
and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.19: Dynamics of the UFCo-Effect Across Years-Restricted 1 km

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo1973 -0.123 -0.226 -0.058 -0.089 -0.132 -0.496

(0.066)∗ (0.059)∗∗∗ (0.053) (0.033)∗∗∗ (0.069)∗ (0.103)∗∗∗

[0.047]∗∗∗ [0.061]∗∗∗ [0.048] [0.029]∗∗∗ [0.054]∗∗ [0.084]∗∗∗

UFCo1984 0.027 0.025 -0.092 -0.103 -0.063 -0.142
(0.082) (0.038) (0.061) (0.042)∗∗ (0.072) (0.129)
[0.080] [0.025] [0.065] [0.038]∗∗∗ [0.054] [0.109]

UFCo2000 -0.103 0.002 -0.085 -0.042 -0.121 -0.229
(0.044)∗∗ (0.030) (0.029)∗∗∗ (0.027) (0.059)∗∗ (0.089)∗∗

[0.030]∗∗∗ [0.025] [0.017]∗∗∗ [0.034] [0.043]∗∗∗ [0.059]∗∗∗

UFCo2011 -0.104 -0.000 -0.089 -0.117 -0.181 -0.310
(0.039)∗∗ (0.028) (0.042)∗∗ (0.032)∗∗∗ (0.054)∗∗∗ (0.086)∗∗∗

[0.023]∗∗∗ [0.013] [0.042]∗∗ [0.020]∗∗∗ [0.052]∗∗∗ [0.061]∗∗∗

Adjusted R2 0.146 0.238 0.273 0.030 0.157 0.270
N 1,937 1,937 1,937 1,937 1,937 1,937

Clusters 44 44 44 44 44 44
Mean1973 0.491 0.396 0.455 0.252 0.829 1.595
Mean1984 0.265 0.053 0.357 0.186 0.563 0.861
Mean2000 0.150 0.037 0.255 0.208 0.497 0.650
Mean2011 0.134 0.018 0.164 0.197 0.405 0.513

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. The sample is restricted
to census block located within 1 km of the UFCo boundary. Robust standard errors, adjusted for
clustering by census block, are in parentheses. Conley standard errors are in brackets. All regressions
include geographic controls for slope, elevation, and temperature; demographic controls for the number
of adults, children, and infants in the household; census fixed effects, and a linear polynomial in latitude
and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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C.6.5 Assessing the Impact of Migration

In this section, we run our regressions on subsamples of households where (i)

nobody migrated, and (ii) the head of household did not migrate; both within 5

years of each census. Our results persist, indicating that migration is not driving

our estimations.

No member migrated within 5 years of the census.

Table C.20: Average UFCo Effect-Any Migrant

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo -0.104 -0.004 -0.062 -0.055 -0.135 -0.225

(0.027)∗∗∗ (0.015) (0.025)∗∗ (0.025)∗∗ (0.030)∗∗∗ (0.052)∗∗∗

[0.031]∗∗∗ [0.015] [0.023]∗∗∗ [0.028]∗∗ [0.027]∗∗∗ [0.049]∗∗∗

Adjusted R2 0.077 0.145 0.226 0.012 0.102 0.165
N 6,451 6,451 6,451 6,451 6,451 6,451

Clusters 198 198 198 198 198 198
Mean 0.158 0.050 0.220 0.205 0.466 0.632

P-value
for difference

0.49 0.19 0.64 0.78 0.43 0.94

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. The sample is restricted
to households whose any of its members is non-migrant. Robust standard errors, adjusted for clustering
by census block, are in parentheses. Conley standard errors are in brackets. All regressions include
geographic controls for slope, elevation, and temperature; demographic controls for the number of adults,
children, and infants in the household; census fixed effects, and a linear polynomial in latitude and
longitude. The p-values in the last row are for the test of the hypothesis that the UFCo coefficient is the
same than the corresponding in Table 3.3. The p-values are clustered at the census block level.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.21: Dynamics of the UFCo-Effect Across Years-Any Migrant

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo1973 -0.252 -0.301 -0.070 -0.144 -0.285 -0.767

(0.067)∗∗∗ (0.100)∗∗∗ (0.042)∗ (0.035)∗∗∗ (0.093)∗∗∗ (0.191)∗∗∗

[0.080]∗∗∗ [0.102]∗∗∗ [0.031]∗∗ [0.040]∗∗∗ [0.080]∗∗∗ [0.183]∗∗∗

UFCo1984 -0.084 -0.000 -0.107 -0.084 -0.131 -0.275
(0.048)∗ (0.029) (0.033)∗∗∗ (0.043)∗ (0.050)∗∗∗ (0.094)∗∗∗

[0.044]∗∗ [0.019] [0.026]∗∗∗ [0.036]∗∗ [0.031]∗∗∗ [0.062]∗∗∗

UFCo2000 -0.085 0.008 -0.052 -0.098 -0.144 -0.226
(0.031)∗∗∗ (0.017) (0.026)∗∗ (0.030)∗∗∗ (0.036)∗∗∗ (0.057)∗∗∗

[0.029]∗∗∗ [0.017] [0.026]∗∗ [0.028]∗∗∗ [0.031]∗∗∗ [0.051]∗∗∗

UFCo2011 -0.110 0.019 -0.053 0.001 -0.113 -0.143
(0.031)∗∗∗ (0.016) (0.033) (0.035) (0.037)∗∗∗ (0.061)∗∗

[0.036]∗∗∗ [0.016] [0.033] [0.051] [0.044]∗∗ [0.077]∗

Adjusted R2 0.079 0.168 0.227 0.016 0.102 0.171
N 6,451 6,451 6,451 6,451 6,451 6,451

Clusters 198 198 198 198 198 198
Mean1973 0.434 0.360 0.342 0.204 0.758 1.339
Mean1984 0.212 0.061 0.369 0.232 0.604 0.875
Mean2000 0.135 0.033 0.224 0.179 0.446 0.571
Mean2011 0.121 0.018 0.154 0.216 0.400 0.509

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. The sample is restricted
to households whose any of its members is non-migrant. Robust standard errors, adjusted for clustering
by census block, are in parentheses. Conley standard errors are in brackets. All regressions include
geographic controls for slope, elevation, and temperature; demographic controls for the number of adults,
children, and infants in the household; census fixed effects, and a linear polynomial in latitude and
longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Head-of-household did not migrate within 5 years of the census

Table C.22: Average UFCo Effect-Head Migrant

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo -0.107 -0.006 -0.066 -0.062 -0.142 -0.241

(0.026)∗∗∗ (0.015) (0.025)∗∗∗ (0.025)∗∗ (0.029)∗∗∗ (0.050)∗∗∗

[0.028]∗∗∗ [0.014] [0.025]∗∗∗ [0.031]∗∗ [0.028]∗∗∗ [0.051]∗∗∗

Adjusted R2 0.082 0.157 0.224 0.013 0.104 0.168
N 7,102 7,102 7,102 7,102 7,102 7,102

Clusters 198 198 198 198 198 198
Mean 0.163 0.050 0.227 0.201 0.472 0.641

P-value
for difference

0.25 0.22 0.37 0.86 0.18 0.69

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. The sample is restricted
to households whose head of household is non-migrant. Robust standard errors, adjusted for clustering
by census block, are in parentheses. Conley standard errors are in brackets. All regressions include
geographic controls for slope, elevation, and temperature; demographic controls for the number of adults,
children, and infants in the household; census fixed effects, and a linear polynomial in latitude and
longitude. The p-values in the last row are for the test of the hypothesis that the UFCo coefficient is the
same than the corresponding in Table 3.3. The p-values are clustered at the census block level.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.23: Dynamics of the UFCo-Effect Across Years-Head Migrant

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo1973 -0.250 -0.315 -0.076 -0.141 -0.308 -0.782

(0.075)∗∗∗ (0.102)∗∗∗ (0.036)∗∗ (0.041)∗∗∗ (0.086)∗∗∗ (0.180)∗∗∗

[0.087]∗∗∗ [0.104]∗∗∗ [0.026]∗∗∗ [0.048]∗∗∗ [0.075]∗∗∗ [0.177]∗∗∗

UFCo1984 -0.087 -0.002 -0.106 -0.094 -0.133 -0.290
(0.048)∗ (0.027) (0.033)∗∗∗ (0.041)∗∗ (0.047)∗∗∗ (0.092)∗∗∗

[0.038]∗∗ [0.018] [0.024]∗∗∗ [0.038]∗∗ [0.031]∗∗∗ [0.062]∗∗∗

UFCo2000 -0.089 0.010 -0.060 -0.104 -0.150 -0.242
(0.030)∗∗∗ (0.017) (0.025)∗∗ (0.028)∗∗∗ (0.035)∗∗∗ (0.055)∗∗∗

[0.028]∗∗∗ [0.017] [0.025]∗∗ [0.027]∗∗∗ [0.030]∗∗∗ [0.052]∗∗∗

UFCo2011 -0.112 0.018 -0.055 -0.005 -0.118 -0.155
(0.030)∗∗∗ (0.015) (0.033)∗ (0.035) (0.036)∗∗∗ (0.061)∗∗

[0.032]∗∗∗ [0.015] [0.036] [0.055] [0.047]∗∗ [0.082]∗

Adjusted R2 0.084 0.183 0.224 0.017 0.106 0.174
N 7,102 7,102 7,102 7,102 7,102 7,102

Clusters 198 198 198 198 198 198
Mean1973 0.440 0.360 0.351 0.185 0.770 1.336
Mean1984 0.213 0.057 0.379 0.219 0.603 0.868
Mean2000 0.141 0.031 0.231 0.176 0.451 0.579
Mean2011 0.124 0.018 0.158 0.216 0.404 0.515

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. The sample is restricted
to households whose head of household is non-migrant. Robust standard errors, adjusted for clustering
by census block, are in parentheses. Conley standard errors are in brackets. All regressions include
geographic controls for slope, elevation, and temperature; demographic controls for the number of adults,
children, and infants in the household; census fixed effects, and a linear polynomial in latitude and
longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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C.6.6 Verifying that results are not driven by persistence

of better abilities in agricultural activities

A concern might be that the higher productivity and better infrastructure in the

UFCo attracted people who were ex-ante better at growing crops; and that what we

are capturing is the persistence of these abilities across generations. Therefore, in

this section, we compare the UFCo effect in households that worked in agricultural

activities with the effect on households devoted to other non-agricultural activities

and find no significant difference in the UFCo effect.

Table C.24 compares our results for households where any member was em-

ployed in agricultural activities against all other households, and Table C.25 shows

how households whose head works in agricultural activities deliver equivalent esti-

mates to households where the head is employed in other activities.
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Table C.24: Average UFCo Effect-Comparison of households where any member
is engaged in the agriculture sector versus other economic sectors

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)

Agricultural
Sector

UFCo -0.097 -0.022 -0.052 -0.055 -0.123 -0.225
(0.028)∗∗∗ (0.018) (0.024)∗∗ (0.027)∗∗ (0.033)∗∗∗ (0.059)∗∗∗

[0.027]∗∗∗ [0.014] [0.023]∗∗ [0.025]∗∗ [0.024]∗∗∗ [0.048]∗∗∗

Adjusted R2 0.122 0.192 0.248 0.045 0.152 0.247
N 6,190 6,190 6,190 6,190 6,190 6,190

Clusters 200 200 200 200 200 200
Mean 0.185 0.070 0.267 0.187 0.495 0.709

Non-Agricultural
Sector

UFCo -0.094 0.002 -0.076 -0.065 -0.122 -0.233
(0.037)∗∗ (0.024) (0.031)∗∗ (0.049) (0.052)∗∗ (0.091)∗∗

[0.044]∗∗ [0.026] [0.023]∗∗∗ [0.018]∗∗∗ [0.034]∗∗∗ [0.072]∗∗∗

Adjusted R2 0.052 0.091 0.171 0.020 0.043 0.069
N 2,596 2,596 2,596 2,596 2,596 2,596

Clusters 193 193 193 193 193 193
Mean 0.153 0.037 0.159 0.229 0.449 0.578

P-value
for difference

0.94 0.32 0.48 0.85 0.98 0.93

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors, adjusted for
clustering by census block, are in parentheses. Conley standard errors are in brackets. All regressions include geographic
controls for slope, elevation, and temperature; demographic controls for the number of adults, children, and infants in the
household; census fixed effects, and a linear polynomial in latitude and longitude. The p-values in the last row are for the
test of the hypothesis that the UFCo coefficient is the same between the two groups. The p-values are clustered at the census
block level.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.25: Contemporary Household Outcomes: Average UFCo Effect-
Comparison of households where head of household is engaged in the agriculture
sector versus other economic sectors

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Sanitation Education Consumption

(1) (2) (3) (4) (5) (6)

Agricultural
Sector

UFCo -0.083 -0.025 -0.043 -0.039 -0.103 -0.191
(0.030)∗∗∗ (0.021) (0.027) (0.030) (0.036)∗∗∗ (0.065)∗∗∗

[0.025]∗∗∗ [0.015]∗ [0.029] [0.025] [0.030]∗∗∗ [0.061]∗∗∗

Adjusted R2 0.128 0.200 0.255 0.045 0.065 0.255
N 5,337 5,337 5,337 5,337 5,337 5,337

Clusters 200 200 200 200 200 200
Mean 0.182 0.073 0.258 0.194 0.490 0.708

Non-Agricultural
Sector

UFCo -0.120 0.000 -0.086 -0.092 -0.161 -0.299
(0.033)∗∗∗ (0.017) (0.029)∗∗∗ (0.040)∗∗ (0.039)∗∗∗ (0.064)∗∗∗

[0.044]∗∗∗ [0.020] [0.021]∗∗∗ [0.025]∗∗∗ [0.019]∗∗∗ [0.054]∗∗∗

Adjusted R2 0.066 0.091 0.209 0.013 0.066 0.104
N 3,449 3,449 3,449 3,449 3,449 3,449

Clusters 197 197 197 197 197 197
Mean 0.166 0.039 0.200 0.208 0.467 0.612

P-value
for difference

0.31 0.21 0.24 0.27 0.23 0.15

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors, adjusted for
clustering by census block, are in parentheses. Conley standard errors are in brackets. All regressions include geographic
controls for slope, elevation, and temperature; demographic controls for the number of adults, children, and infants in the
household; census fixed effects, and a linear polynomial in latitude and longitude. The p-values in the last row are for the
test of the hypothesis that the UFCo coefficient is the same between the two groups. The p-values are clustered at the census
block level.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

189



Appendix C.7. Méndez & Trejos Index

In this section, we re-estimate equations (3.1) and (3.2) using the Unsatisfied Basic

Needs (UBN) originally proposed by Méndez and Trejos (2004) for the 2000 and

2011 censuses. We find that our main message is unchanged.

Table C.26: Average UFCo Effect-Méndez & Trejos Index

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Health Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo -0.088 -0.031 -0.057 -0.020 -0.109 -0.197

(0.030)∗∗∗ (0.051) (0.026)∗∗ (0.019) (0.043)∗∗ (0.077)∗∗

[0.033]∗∗∗ [0.034] [0.028]∗∗ [0.014] [0.034]∗∗∗ [0.069]∗∗∗

Adjusted R2 0.020 0.025 0.044 0.025 0.075 0.090
N 6,623 6,623 6,623 6,623 6,623 6,623

Clusters 160 160 160 160 160 160
Mean 0.178 0.132 0.180 0.132 0.433 0.622

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include geographic controls for slope, elevation, and temperature; demographic controls for
the number of adults, children, and infants in the household; census fixed effects, and a linear polynomial
in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table C.27: Dynamics Across Years-Méndez & Trejos Index

Probability of UBN in Probability
of being poor

Total number
of UBNHousing Health Education Consumption

(1) (2) (3) (4) (5) (6)
UFCo2000 -0.081 -0.022 -0.069 -0.038 -0.110 -0.210

(0.036)∗∗ (0.067) (0.025)∗∗∗ (0.022)∗ (0.052)∗∗ (0.102)∗∗

[0.035]∗∗ [0.053] [0.025]∗∗∗ [0.016]∗∗ [0.044]∗∗ [0.084]∗∗

UFCo2011 -0.094 -0.039 -0.047 -0.005 -0.109 -0.186
(0.032)∗∗∗ (0.052) (0.033) (0.022) (0.045)∗∗ (0.074)∗∗

[0.037]∗∗∗ [0.035] [0.035] [0.020] [0.039]∗∗∗ [0.076]∗∗

Adjusted R2 0.020 0.025 0.146 0.025 0.075 0.090
N 6,623 6,623 6,623 6,623 6,623 6,623

Clusters 160 160 160 160 160 160
Mean2000 0.164 0.172 0.230 0.178 0.511 0.744
Mean2011 0.128 0.101 0.156 0.099 0.365 0.484

Notes: UBN= Unsatisfied Basic Need. The unit of observation is the household. Robust standard errors,
adjusted for clustering by census block, are in parentheses. Conley standard errors are in brackets. All
regressions include geographic controls for slope, elevation, and temperature; demographic controls for
the number of adults, children, and infants in the household; census fixed effects, and a linear polynomial
in latitude and longitude.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Appendix C.8. Luminosity Data

Table C.28: Luminosity data

Log (0.01 + Light)
Log (0.01 + Per
Capita Light)

(1) (2)
UFCo 0.342 0.215

(0.035)∗∗∗ (0.046)∗∗∗

[0.072]∗∗∗ [0.059]∗∗∗

Adjusted R2 0.463 0.122
N 6,154 2,210

Notes: The unit of observation is 1x1 km grid cells located within
5 km of UFCo boundary. Robust standard errors are in paren-
theses. Conley standard errors are in brackets. All regressions
include year fixed effects.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Armendáriz, B. and Larráın B., F. (2017). The Economics of Contemporary Latin

America. Economics/Latin American Studies. MIT Press.

Bajari, P., Dalton, C., Hong, H., and Khwaja, A. (2014). Moral Hazard, Adverse

Selection, and Health Expenditures: A Semiparametric Analysis. The RAND

Journal of Economics, 45(4):747–763.

Banerjee, A. and Iyer, L. (2005). History, Institutions, and Economic Performance:

The Legacy of Colonial Land Tenure Systems in India. American Economic

Review, 95(4):1190–1213.

Barseghyan, L., Molinari, F., O’Donoghue, T., and Teitelbaum, J. C. (2013). The

Nature of Risk Preferences: Evidence from Insurance Choices. American Eco-

nomic Review, 103(6):2499–2529.

193



Barseghyan, L., Molinari, F., O’Donoghue, T., and Teitelbaum, J. C. (2018). Esti-

mating Risk Preferences in the Field. Journal of Economic Literature, 56(2):501–

64.

Becker, S. O., Boeckh, K., Hainz, C., and Woessmann, L. (2016). The Empire Is

Dead, Long Live the Empire! Long-Run Persistence of Trust and Corruption in

the Bureaucracy. Economic Journal, 126(590):40–74.

Blomstrom, M. (1986). Foreign Investment and Productive Efficiency: The Case

of Mexico. Journal of Industrial Economics, 35(1):97–110.

Blomstrom, M. and Wolff, E. N. (1989). Multinational Corporations and Pro-

ductivity Convergence in Mexico. Working Paper 3141, National Bureau of

Economic Research.

Bonilla, R. and Rosero, L. (2008). Rasterización de los censos de población y

vivienda de 1973, 1984 y 2000. In Rodŕıguez, A. and Saboŕıo, M., editors, Lo
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