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ABSTRACT

Objectives: this thesis examines the relationship between government
policy and life satisfaction (happiness). This is accomplished through
three related aims: a) to determine whether subjective or objective health
are related to happiness for people above age 60; b) to ascertain whether
health during childhood affects happiness after age 60, and c) to evaluate

the impact of a senior citizen program (Golden Citizen) on happiness.

Methods: econometric analysis of a nationally representative population
over age 60 in Costa Rica (n=2,827). The availability of two datapoints
permits the use of various econometric techniques. The first two aims
rely on cross-sectional and lagged models (first differences, lagged
dependent variable models and change-scores). The last aim relies mainly
on quasi-experimental techniques, including instrumental variable,
regression discontinuity, and differences-in-differences. Additional

sensitivity analyses are provided for each of these aims.

Results: a) subjective health predominates over objective health in
predicting happiness in people over 60; b)early life health is related
with happiness after age 60, but only in its subjective variant; c) the
Golden Citizen program has consistent effects on poverty, inconsistent

effects on healthcare access, but no effect on happiness.

Conclusions: subjective health predominates over objective health in
predicting happiness. This is true for both child and adult health
measures. Policy-makers should focus on subjective health predictors
(depression, pain and others) if health policy is going to truly impact

happiness. Given its importance to most individuals, happiness should be



an explicit outcome in impact evaluations. The development of a wvalid

happiness measure is crucial to future research.

Thesis readers: Gerard Anderson, Donald Steinwachs, Elizabeth Stuart,
and Mariana Lazo.
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1. INTRODUCTION

Everyone would like to be happy. In a survey of 7000 people across 42
countries, 69% of respondents placed happiness as their top priority 1.
Such prominence has compelled academics to consider happiness as the
“ultimate aim of human endeavor”?. In addition to having intrinsic value,
mounting evidence supports that happiness can improve various life
domains. Happier people heal faster3, are less likely to get infected,
more resistant to common diseases?, and enjoy better overall health>.
Learned optimism, a <closely related concept, 1is protective mental
disorders like depression®. Likewise, there are indications that happy
individuals have a greater ability to earn money °. Therefore, the

pursuit of happiness is both an end, and a means to improve other life

dimensions.
Politicians are also concerned with happiness. For US President John
Adams, “the happiness of society is the end of all government”’. Under

the auspices of David Cameron, the prime minister of the United Kingdom,
the Office of National Statistics of the UK has just published its first
national well-being statistics 8. In France, former Prime Minister
Nicolas Sarkozy convened a commission of experts to identify the limits
of “GDP as an indicator of economic performance and social progress”.
This commission recommended shifting policy emphasis from economic
production to wellbeing?, a concept akin (and used often interchangeably)
with happiness. Along the same lines Germany, Australia and China have
elevated “happiness to the status of official government policy, drawing
on the academic happiness revolution to define their goals and metrics”?10.
Inter-governmental organizations are following suit. The European Union

has announced 1its intention to complement its GDP statistics with



wellbeing figures, and the Organization for Economic Cooperation and
Development (a think tank of 33 wealthy countries) just launched its

“Better Life Initiative”, which will compare subjective wellbeing across

countriesl?.
The academic community has followed suit. To be sure, the happiness
phenomenon has been discussed since antiquity. Aristotle, one of the

most influential thinkers in Western civilization, considered happiness
to be the “the only good that is good in itself”!'. Since then, a wealth
of thinkers have occupied themselves with the happiness construct,
including Seneca, John Stuart Mills, Jeremy Bentham!?, and Bertrand
Russelll3. However, the data-driven study of happiness did not take off
until the foundation of positive psychology at the end of the 1990s 1!4.
The extent of this movement—which spans psychologists, economists,
epidemiologists and political scientists—has compelled some authors to
speak of an academic “happiness revolution”10. Indeed, the first World
Happiness Report!l, published last year, is co-authored by Jeffrey Sachs,
and includes contributions of Nobel awardees such as Daniel Kahneman.
In the same vein, the National Science Foundation in the US has recently

funded a project to develop a new happiness index!0.

Until recently, it was widely believed that economic development brings
happiness automatically. This assumption is rooted in classical economic
theory, which underscores capitalism’s capability to improve utility, a
related concept. Economic development brings about food, shelter, and
security; the transition from a “society of scarcity to a society of
security” generates abundant wellbeing.?® Indeed, the relationship
between income and happiness is strongest in low-income countriesl®—where

scarcity 1s more common. Further theoretical frameworks postulate that



economic development can also increase happiness also in developed
countries. The most salient of these is human development theory, which
postulates that as countries transition to higher levels of abundance,
income affects happiness through free choicel®>. 1Indeed, a universal link
exists between happiness and free choicel’; by fostering a wider range of
choices, economic development could contribute to happiness also in rich
countries?®. Taken together, these theories suggest that the main

governmental instrument to foster happiness is economic growth.

However, such assumption is under review. First, setpoint theory—which is
well-established in psychology—postulates that individuals have a fixed
happiness level to which they revert inevitably. Life events such as
changes in income may initially affect happiness, but individuals will
eventually return to their personal baseline (Headey & Wearing, 1992).
Indeed, people adapt to income'®,’® through a “hedonic treadmill”: as
income rises, aspirations rise accordingly 292!, so in the long run income
will not necessarily bring happiness??,23, The partial disconnect between
income and happiness is further reinforced by the Easterlin Paradox, which
states that although richer people tend to be happier, average happiness
does not increase with rising average incomes?¢. Indeed, this paradox has
been confirmed in the US?* and 35 other countries?‘. The most accepted
explanations for the Easterlin paradox are reverse causality (i.e. happier
people are more able to make money) and social comparison (richer people
are happier because they compare themselves to those worse off) 524,26,
Others argue that income does add to happiness, but with diminishing
returns. Indeed, some have found a logarithmic!?11.27relationship between
income and happiness: after a certain threshold is reached, income may
contribute little to happiness; this threshold has been set at 70,000

dollars in the USZ28,



Economic growth also levies substantial costs. These, discussed in the
World Happiness Reportl!l, can be grouped into three categories: individual
infirmity, deterioration of community relationships, and deterioration of
the environment. The first, also labeled as “the ills of modern life”,
comprehend man-made conditions and psychosocial disorders. Man-made
conditions include obesity and its related epidemics (type two diabetes
and others), which started in Western countries, and are now being
exported to the developing world?°. The psychosocial disorders include
depression, anxiety, and eating disorders, all linked with stress3?, a
landmark of high growth societies. The deterioration of social relations
seems to occur through increased competitiveness, reduced dependency, and
isolation. Competitiveness can weaken social trust; wealthy, highly
technological societies allow individuals to fulfill many basic needs
(clothing, nourishment, sheltering, etc.) without depending on their
immediate community. The Internet and social media make it possible for
individuals to socialize without leaving their households, which often
results in less meaningful relationships. Finally, sustained growth
demands sustained resources, which has resulted in an unprecedented scale
of environmental destruction. It has been calculated that 1.52 planets
are needed to sustain today’s humanity; this is 2.61 times the resources
needed in 196131, The scientific community has long warned about this
environmental depletion, which has been linked with the risk of natural

disasters??,11, and the loss of 30 percent of the animal species33.

In sum: income increases happiness among the poor, but once a certain
threshold is reached, the connection between the two becomes tenuous, and
rising incomes come at substantial costs. In the World Happiness Report,

Oliver Sachs and others summarize these issues as the follows?7:



“Now we face a set of real choices. Should the world pursue GNP to the point of
environmental ruin, even when incremental gains in GNP are not increasing much
(or at all) the happiness of affluent societies?

Should we crave higher personal incomes at the cost of community and social trust?
Should our governments spend even a tiny fraction of the $500 billion or so spent
on advertising each year to help individuals and families to understand better
their own motivations, wants, and needs as consumers?!l”

The study of happiness considers how the whole human experience affects
wellbeing. It considers many policy-relevant dimensions beyond income,
such as health, social relationships, and civil status. Given its broad
scope, embedding such findings 1in policy-making can bring substantial
benefits. First, policies would be explicitly aligned with their intended
bottom line (i.e. happiness) of most individuals. Second, countries
could strike a wise balance between economic growth and other policies.

For example, accumulating research suggests that non-pecuniary 1life

dimensions (marriage, health, retirement) may exert durable effects on

happiness?34. Therefore, each country would need to find the best
combination of GDP growth and these other dimensions. Third, happiness
can provide a common metric to compare policies. In the current

situation, policies in different sectors (i.e. health, transportation,
education) cannot be directly compared, because their outcomes are sector-
specific. If evaluated in terms of happiness, these policies can be
compared head-to-head, allowing policy-makers to find their Dbest
combinations, and to integrate them around their common goal. Indeed,
prominent researchers are advocating for the use of happiness as an
evaluation criterion!'. Fourth, promoting happiness amounts to promoting
health. Wellbeing is a necessary component of health, which is commonly
defined as "a state of complete physical, mental and social well-being
and not merely the absence of disease or infirmity”3>. This comes in

addition to the health benefits discussed at the beginning of this



chapter, such as happier people healing faster, and happiness as a
protective factor from mental disorders. The fifth benefit of happiness
has deeper philosophical roots, and concerns life satisfaction, which is
the measure used in this doctoral thesis. Traditionally, philosophers
and psychologists have contrasted the hedonistic (i.e. pursuit of
pleasure) with the eudemonistic (i.e. pursue of excellence) lifestyle,
where the first emphasizes “positive emotions” and the eudemonistic a
“sense of purpose and meaning”. Life satisfaction questions have the
virtue of taking both into account, providing clues about the deeper
aspects of a good lifell. If embedded in policy-making, happiness research
can thus bring substantial benefits to the whole human experience, and at

lower personal, community, and environmental costs.

Given the benefits of happiness, should governments pursue the happiness
of their citizens? Two schools emerge on this point. The social-
democratic school assumes that governments can increase happiness by
maximizing societal welfare’. In this view, government action would be
particularly beneficial to vulnerable groups, such as the elderly, which
is the target population of this study. In contrast, the Anglo-Saxon
liberal view regards governments as “inefficient and self-serving” 7 that
inherently alienate their citizens. This happens through
“collectivization”: government action displaces important societal
structures such as church and family, and curtails the autonomy of
individuals to pursue their own happiness. In consequence, happiness
will drop. Therefore, the study of happiness is also highly relevant to

the role of the state.

Happiness research has shed new 1light on the relationship between

happiness and policy—and hence happiness and the state. This field argues



for a paradigm shift, which, fueled by the availability of new data,
challenges two traditional assumptions in psychology and economics.
First, positive psychology—the precursor of happiness research—emphasizes
a paradigm shift from a “preoccupation only with repairing the worst
things in life to also building the best qualities in 1life”%. Indeed, the
focus on pathology “neglected the idea of a fulfilled individual and a
thriving community, and it neglected the possibility that building
strength is the most potent weapon in the arsenal of therapy” ¢. Second,
a growing number of economists are questioning the revealed preferences
approach to understanding utility. This approach places heavy emphasis
on the biases (cognitive and others) of self-reported outcomes, such as
happiness. Therefore, and under the assumption that individuals choose
the combinations of goods and services that maximizes their utility
(happiness,) economists have traditionally argued that the only way to
know what makes people happier is by observing their actual choices.
However, new research suggests that individuals are not always able to
choose what makes them happier, due to the influence of context3¢, ethical
convictions?3®, or their powerlessness to influence specific policies or
institutional arrangements!?. Hence, economists are increasingly using

self-reported outcomes, such as happiness.

Though still in its infancy, happiness research is growing quickly, and
can point to a few points of consensus. First, genetics explains a large
share of happiness; studies on twins show it to explain between 30%-80%
of individual happiness 37. Second, other important happiness predictors
include health, income, civil status, employment, and social ties 3840,
Amongst these, health seems key 41:42,43,44,, particularly in the elderly?s.
Third, new evidence is increasingly challenging the setpoint theory. A

substantial body of research supports that individuals do not always adapt



to their baseline happiness after major life events such as divorce?‘¢,

widowhood?’, 48, disability??, and unemployment?®0. At the same time, the
happiness literature exhibits some gaps. First, it has mainly relied on
data from developed countries. Developing countries are different in

many dimensions, such as culture (developed countries, with the exception
of Japan, belong to Western cultures) and economic stability. Hence, the
findings of happiness research from the rich countries may not always
translate to the developing world. Second, happiness studies that use
longitudinal nationally representative databases are still scarce in
developing countries. The use of such data would allow adjusting for the
effect of unobservable factors, and extrapolating findings to a national
scale. Third, happiness in the elderly has been seldom studied, and
when so, existing research tends to on small-scale surveys®'™. Given
their vulnerability status and the ageing of developing countries, more
research on the elderly is advisable. Fourth, as in any field, important
questions are still in need of scrutiny. These, all in the health

sector, can be summarized as follows:

e Health is important predictor of happiness; however it 1is unclear
whether it is objective or subjective health that predicts happiness.
In the first case, traditional health policy, which focuses on
objective health, would offer a direct venue to maximizing happiness.
If it is subjective health that affects happiness, health interventions
may need redesign to truly affect happiness.

e There is still limited understanding on the relationship between early
life health and senior happiness. Lifecourse studies have documented
the effect of various adverse childhood circumstances (i.e. health?®f,
poverty®’, depression) on adult health. Similarly, it can be postulated
that adversity at young age could affect long-term happiness. To our
knowledge, these relationships have been explored in only one paper?®8.

e Program evaluations in terms of happiness are nonexistent in developing
countries.



This doctoral thesis addresses the previous three gquestions. Chapter two
explores which dimensions of health (subjective and objective) predict
happiness. Chapter three examines the relationships between childhood
adversity (health and poverty) and happiness at late age. The fourth
chapter evaluates the impact of a health and social services program (the
Golden Citizen program) on happiness. Finally, a concluding chapter
summarizes lessons learned and offers implications for future research.
Taken as a whole, these three articles examine whether (health) policy

can affect happiness, and hence whether governments can promote happiness.

All the analyses use a nationally representative survey of an elderly
population in Costa Rica, a middle income country. The longitudinal
data structure permits overcoming previous methodological difficulties,
such as adjusting for the effect of unobservable factors, statistical
precision concerns, and extrapolating the findings to the national scale.
The focus on the elderly seems justified: Latin America—and particularly

Costa Rica--is projected to age rapidly over the next decades?®?.

By exploring the relationship between health and happiness, this thesis
will hopefully contribute to policies that improve people’s health, are
more attuned with people’s ultimate goals, and incur lower costs.
Understanding these questions will serve a better understanding of the

ultimate question-whether the state can promote happiness.



2. THE RELATIONSHIP BETWEEN HEALTH AND
HAPPINESS

Abstract

Health is a major predictor of happiness. However, it remains unresolved
whether subjective or objective health accounts for this association.
Using a nationally representative dataset in Costa Rica (CRELES), this
study finds that subjective health predominates over objective health in
predicting life satisfaction (a measure of happiness) in people over 60.
While, adjusting for confounders, all subjective health measures
(depression, pain and perceived health in two different variants) are
correlated with 1life satisfaction (p<0.05), the only significant
objective health dimension was disability (p<0.10). The subjective
measures are two to four times more important predictors of 1life
satisfaction than disability. Our findings suggest that if policy makers
want to use health care to improve happiness, they should concentrate on

subjective measures, particularly depression and pain.

Introduction

Happiness has been always a human pursuit. Its predominance in human
thinking has compelled some academics to name it as the ultimate human
endeavor 2. In a major international survey, 68% of respondents rated
happiness as their highest priority 9. The pursuit of happiness has
occupied philosophers and economists for centuries, including Aristotle,
Bentham, John Stuart Mills and Adam Smith 12 (Graham, 2005). The United
States Declaration of Independence published in 1776 considers the pursuit
of happiness to be an inalienable right. More recently the Prime Ministers

10



of the United Kingdom and France are exploring how their governments can
increase the level of happiness, rather than just the economic well-
being, of their citizens %6, In Bhutan, the constitution urges the State
to “strive to promote those conditions that will enable the pursuit of
Gross National Happiness” ©L, Such developments suggest that the

improvement of happiness is a plausible government objective.

The recent decade has witnessed an explosion of happiness research. Some
points of consensus emerge from this literature. First, the relationship
between age and happiness is U-shaped: the young and the elderly tend to
be happier than the middle-aged. These findings are present in developed
62-64 gand developing countries 62,6566, Second, four key dimensions, which
change along the life course, seem particularly associated with happiness:

income 38:67-69  civil status 434570, employment38.71.72, and health 41,43,

Amongst the previous factors, health may be the most correlated with
happiness. However, “it 1is less clear whether objective or subjective
health is responsible for this association” 3°. Measuring and improving
objective health is where most of the policy and clinical attention has
focused. For example, considerable policy and clinical attention has been
given to whether diabetics receive appropriate care or how hospital safety
can be improved. If objective health matters, then health care offers a

direct venue to happiness.

If it is subjective health that affects happiness, then the relationship
between health care and happiness 1is more indirect. This 1is because
subjective health is strongly affected by factors beyond health care,

such as psychological traits and socioeconomic status 73. In such case,

11



interventions such as improving care for diabetics or increasing hospital

safety may not be enough to increase happiness.

To answer whether subjective or objective health predict happiness, the
current study analyzes a nationally representative sample of senior
citizens in Costa Rica, a middle income country with growing population
+60 years old 74. As the determinants of happiness tend to be similar
across countries, this study has implications for high and other middle

income countries.

Methods

Conceptual framework

This paper explores whether subjective or objective health predict
happiness. To do so, we developed a general happiness model that
regresses happiness (life satisfaction) on health (objective and
subjective) and a set of covariates selected from the current literature.
These include the main happiness correlates (income; health; civil
status); a set of exogenous variables that are usually related to
happiness (age, sex, educational level, number of people in the household,
urban residence)?3®, personality (locus of control) 7°7%, cognitive skills
77, exercise, and two variables of particular relevance to Latin America
- how often the respondent sees his or her children 78, and weekly church

attendance 7°9.

Health and happiness are also affected by time-invariant unobservable
characteristics, such as genetics, personality, culture, and life events.

These unobserved factors are crucial: genetics alone explains between 33%

12



and 80% of happiness variability across people 37. Hence, controlling
for such factors is crucial in happiness research 80, We attempt to

control for these through econometric analysis.

Data

The data source for this study is the Costa Rican Study on Longevity and
Health Aging (CRELES). This is a nationally representative panel dataset
of individuals 60 years and older in Costa Rica. Its main objective 1is
to determine “the length and quality of life, and its contributing factors
in the elderly”si. CRELES collected data on self-reported physical
health, psychological health, living conditions, health behavior, health
care utilization, social support, and socioeconomic status. The survey
conducted two rounds of interviews. The first, completed between November
2004 and September 2006, includes 2,827 people. The second, completed

between November 2006 and July 2008, contains 2,364 individuals from the

first round. Attrition over the two rounds was therefore 16% (463
people). The majority of the censored individuals (10%) were deceased by

the second interview, and the remainder (6%) could not be located 82.
Bivariate analyses revealed that censored and non-censored individuals
were not statistically different in happiness, socio-demographic, and

health variables. Hence, attrition-generated bias should be modest.

Modeled after the Health and Retirement Survey from the United States,
CRELES uses a complex design. A master file of 9,600 individuals born
before 1946 was first constructed. This was accomplished by stratifying
all 55+ individuals from the 2000 Census of Population into 5-year age
groups; random sampling from these strata, and oversampling the oldest-
old (95 years and older). Sampling fractions varied between 1% (for the

13



ones born between 1941 and 1945) and 100% (for the born before 1905).
The 9,600 individuals in the master file were then clustered into the
government’s already designated 102 Health Areas. A probabilistic sub-
sample of 60 of these clusters was selected for the first interview. The
resulting sampling frame contained approximately 5,000 individuals,
covering about 59% of the national territory. Of these, 2,827 were
located and interviewed in the first wave. Non-responses (43% of sampling

[

frame) occurred for the following reasons: 19% of potential respondents
were dead, 18% could not be located (mainly due to lack of accuracy in
existing addresses), 2% had moved, and 4% declined (directly or
indirectly) to be interviewed S81. The majority of non-respondents were
younger, of different social class, and lived in different cities than
the remainder of the sample. In order to correct for oversampling and
non-response 83, CRELES incorporates a set of weights. These “allow the
replication of the structure for sex, age, residence and education of the

whole 2005 population of Costa Rica born in 1945 or before” B81. Our

statistical analyses take these weights into account.

To validate the data, the survey team compared CRELES to the Costa Rican
Household Survey for Multiple Purposes (EPHM) on nine key measures (age,
education, index of masculinity, % head of household, and others). EHPM
is a nationally representative survey of 12,000 households conducted
yearly by the National Statistics and Census Institute of Costa Rica 8%.
The two surveys differed in only one variable (% head of household). This
difference, which is significant at the p<0.05 level, was attributed to
the fact that in “CRELES the informant is the same older person while in

EHPM it can be another person with a different perception on who is the

head of the household.” 81, The coherence between both surveys suggests

14



an “absence of biases that could have damaged the representativeness of

the sample” 81,

Another potential source of bias, typical of elderly populations 84, lies
in the use of proxy interviews. At CRELES, 703 interviews in the first
wave, and 676 in the second necessitated a proxy due to incapacity to
communicate or cognitive impairment of the main respondent 73. Such
cases contain no self-reported variables, including happiness. These
observations were excluded from the analytic sample. Given that
cognitive impairment was the main reason for proxy interviews, and that
answering life satisfaction questions requires interviewee awareness of
their current situation, the exclusion of these individuals from our
analysis is necessary. Therefore, the final study populations includes

2,111 observations in the first round; 1,684 observations in round 2.

Variables

The dependent variable is life satisfaction. Life satisfaction is one
definition of happiness, along with positive affect, subjective well-
being, and other measures 8. A key distinction between these 1is
stability??. Life satisfaction questions require a cognitive evaluation
of one’s situation, it is therefore more stable than the other happiness
measurements. Thus, life satisfaction is a standard happiness measure in
large-scale studies 44,49,58,72,86-88 Our dependent variable was extracted
from the most commonly used happiness question 12:.8%: “in general, how do
you feel about your life?: very satisfied, somewhat satisfied, somewhat
unsatisfied, very unsatisfied”. This question was asked in both waves.
In a manner similar to other countries, responses to this question
presented a ceiling effect—74.7% of respondents in wave 1, and 77.8% in
wave 2 reported feeling very happy. Power calculations determined that

15



variability in some categories of the outcome would not be sufficient for
statistical inference. As a result, the dependent variable was

dichotomized into being very happy or less than very happy.

There are two categories of health measures: subjective health and
objective health. Subjective health can adopt multiple dimensions 2%0: the
respondent’s description of overall health (i.e. self-reported health
status; pain), mental feelings (depression), and social feelings (i.e.
feels valued by others). At CRELES, respondents reported their self-
perceived health in four different gquestions. Two of these are available
in both waves: self-reported health (“How would you say your health is
now: Excellent, Very, Good, Good, Fair, Poor”) and comparison of one’s
health to his/her peers (“How would you say your health is in comparison
with other people of your age? Better, Equal, Worse?). Both wvariables
were dichotomized along the good versus fair/poor axis. Respondents were
also asked if they had suffered daily pain over the last year in the
stomach and in the lower limbs (yes/no). The depression variable
(dichotomous) reflects if an individual is clinically depressed according
to the 15-item Yesavage Geriatric Depression Scale (GDS-15). Following
a psychometric validation, an individual was classified as depressed if
they had ten or more, and as mildly depressed if they had five or more

depression symptoms?®l.

Objective health measures are “concerned with form and function either of
the whole body or of its constituent organs” 90, Hence, they refer to
externally measured physical health. In our analyses, objective health
measures are composite variables, derived from individual measurements
taken during the interviews. The objective health measures are:

disability, chronic diseases, allostatic index, and metabolic syndrome.
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The disability and metabolic syndrome variables were coded by the CRELES
team °?2. Disability was recoded from 14 items on the Activities of Daily
Living (ADL) and Instrumental Activities of Daily Living (IADL). The 10
ADL questions assessed difficulties with basic functioning (walking,
bathing, eating, going to bed, using toilet, and cutting toenails), and
the four IADL questions measured any difficulties with more complicated
but accessory tasks (preparing food, managing money, shopping, and taking
medications). As a sum of these items provides a reliable measure 23, we
added them and a person was coded as disabled if they could not perform
5 or more of these activities. This cutoff had been proposed by the survey
team®?. The metabolic syndrome variable is based on the criteria of the
International Diabetes Federation 94. Thus, individuals were classified
with metabolic syndrome if they had abdominal obesity (waist-hip ratio>1)
and any two of the following: high triglycerides (>150 mg/dL); low HDL
cholesterol (<40 mg/dL in males; < 50 mg/dL in females); hypertension
(>130 systolic; > 85 diastolic), or diabetes. The chronic disease
variable denotes having at least three chronic diseases as measured by a
count of self-reported questions on cancer, heart attack, heart disease,
stroke,  hypertension, high Dblood 1lipids, diabetes, lung disease,
arthritis, and osteoporosis. Allostatic load represents the ‘wear and
tear’ of the body resulting from the daily stress 9. Hence, the higher
the allostatic load, the higher the wear and tear, and the worse the
health. The allostatic load measure is a sum of 7 dimensions: systolic
blood pressure, diastolic blood pressure, glucose levels (hbalc), waist-
hip ratio, high density lipoprotein cholesterol (HDL) and
Dehydroepiandrosterone (DHEAS). An individual gets a point for each
dimension if he/she was in the top 25 percentile of the distribution 9.

Validation studies 9> found allostatic index to Dbe predictive of
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cardiovascular disease, cognitive impairment, mortality, and physical

decline 95,97,

The analyses use a set of additional covariates from the happiness
literature. These include age (5-year age groups); sex; civil status (=1
if married or cohabiting), educational level (4 categories); number of
household residents (continuous); urban residence (dichotomous); health
region code (7 health regions); weekly church attendance; weekly visits
with children; weekly exercising; cognitive impairment (=1 if suffering
cognitive impairment); locus of control; living below the poverty line;
and housing assets. Cognitive impairment (continuous, range 0-100) was
measured through the PFEFFER scale®'. Locus of control reflects the degree
to which the respondent’s feels in control of their lives. The locus of
control score sums 7-items; higher scores reflect higher control °8.
Determining poverty levels required first developing income variables.
CRELES contains questions on income of the respondent and their spouse.
In both cases, personal income was calculated as the sum of income from
work, pension, and transfers from others. Given the absence of data for
other household members, total household income was the sum of personal
respondent and the spouse’s income. Afterwards, household income was
“equivalised”, i.e. adjusted to family size. Because information was
only available for the respondent and their spouse, household income was
“equivalised” for two people, by dividing it by V2 if the respondent was
in a relationship 9°. Such adjustment reflects that each of two people
in the same household consumes less than a person living alone. Locative
values (i.e. how much the respondent would receive from renting the house
they own and live in) were then added to “equivalised” incomes. This
adjustment 1is standard in large national surveys 100, After these

adjustments, poverty rates were calculated by applying national 2004 and
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2007 poverty thresholds 191 to the calculated incomes. Finally, an assets
index provides a measure of permanent income 102, This index is a weighted
sum 193 (range 0-32) of a set of gquestions on housing quality (quality and
materials of floor, ceiling) and home assets (room for cooking, number of
telephones, of computers, etc.). In this approach, each asset is assigned
a weight, which is inversely related to the number of respondents owning
that asset. Hence, asset index=)asset*w, and a higher score reflects

higher assets.

Imputation of missing data

At CRELES, missing data 1s not a significant problem: only 5% of
observations were missing two or more happiness predictors. Variables
with missing data were imputed. Only three covariates (depression scale,
locus of <control, and allostatic index) were missing in >5% of
observations. Imputation proceeded through two different methods. First,
single imputation proceeded for index variables (i.e. variables that are
the sum of subvariables). These are depression, disability, locus of
control and assets. Single imputation was appropriate as information was
available on the majority of subvariables in each index (only <5% of
observations were missing >20% of items in the index). The rest of
variables (chronic diseases, frequency of seeing children, metabolic
syndrome) were imputed through multiple imputation chained equations
(MICE) 104, MICE predicts missing values based on other variables with
non-missing values; it imputes first the variable with the least number
of missing observations; then the second, and so on. All variables are
cycled through in such manner, and the whole process is repeated (usually
5-10 times)until a dataset with converged estimates has been reached.

This process produces a single imputed dataset with no missing datalf>.
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Statistical methods

Exploratory data analyses examined the analytic sample characteristics.
Then, the relationships between happiness (dependent) and subjective and
objective health (main independent variables) were explored. The
objective here was to examine if, before adjusting for confounders, the

main independent variables were associated with happiness.

Because a large portion of happiness is due to genetics, first-differences
(AY on AX) models are the main analysis for this study. As a sensitivity
analyses, we also conducted a lagged-dependent variable model or LDVM (Y
on Xz and Yi). We also report change-scores (Y2-Y: on X1) and pooled
cross-sectional as additional sensitivity analyses. As explained in the
following sections, the first three approaches cancel out (at least
partially) the influence of time-invariant unobservable characteristics,

including genetics.

First-differencing

First differences (FD) models regress changes in the outcome on changes
in the predictor variables. Hence, they adopt the following general

form:

probit (ALife Satisfaction)=/fo+ [F1(4 Self-Reported health)+ + f.(4
Disability)+ [As;(AChronics)+ fFs(AAllostatic Load)+ [fs(AdMetabolic
Syndrome) + [¢(ADepression)+ [; (ACognitive Impairment+ (g (AAge)+ /o (
Acivil status)+ [fi0(AHousehold residents) +/11(AAttends Church)+ Fi2(4

Sees Children)+ fi3(AExercise) +/f14(APoor)+ [fi5(AAssets) + aj+ui
(equation 1)
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In the previous equation, the error term is decomposed into time-invariant
(ai) and time-variant unobservable factors (ui). First-differencing
cancels out the effect of time-invariant factors (a;i)l06. These include
genetics and personality, which are crucial in happiness research 80,
Following the approach from Roberto and Gaskin 197, changes in 1life
satisfaction were modeled in the following form: 0 for persistent
dissatisfaction (less than very satisfied at both time points), 1 if
satisfaction decreased between both waves, 2 if satisfaction increased,
and 3 for persistent satisfaction(i.e. individuals very satisfied at both
waves). These are ordered from the least to the most desirable outcome.
The categorical predictors were modeled in the same manner (4 point
scale) . These estimations used an ordered probit model with partial
proportional odds; i.e. proportional odds for individual variables are
assumed only if supported by the data. This was attained through
gologit2-, a specialized command in Stata 19 that tests and empirically
applies the proportional odds assumption. The partial proportional odds
approach enhances the parsimony, and therefore the reliability of
estimates. The first-differences analyses express results in two ways.
The first is predicted probabilities, that is, the probability change in
a given level of the outcome resulting from a one unit-increase in the
independent variable. The second is standardized coefficients. These
reflect the standard-deviation change in the outcome resulting from a
one-unit standard deviation change in the independent variable. While
predicted probabilities provide an intuitive interpretation, standardized
coefficients provide a common basis to compare estimates. Given their
easier interpretation, the results are mainly interpreted in terms of

predicted probabilities.
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In order to explore whether ADLs are indeed more strongly associated with
happiness than IADLs, we ran two additional first difference
specifications. The first follows the equation above, and conceives
disability as transitioning into or out of suffering at least one ADL (4

categories). The second does the same for IADLs.

Main sensitivity analysis: lagged dependent variable model (LDVM)

Econometric researchers are concerned about bias in first-differences
models that use ordered probit 80,109, Therefore, a lagged dependent
variable model (LDVM) 1is used as the main sensitivity analysis. This
specification regresses second round happiness on round two covariates
and first round life satisfaction (i.e. Y, on X; and Y:). Accordingly, it

takes the following form:

probit (Life Satisfactiony)=fo+ B1(Self-Reported Healthy)+ B.(Disability:)+ B
3(Chronics;y)+ Bs(Allostatic Loadz)+ Bs(Metabolic Syndrome;) + B¢ (Depressiony)+
B7(Cognitive Impairmenty)+ Bs (Agez)+ Bo(Sex)+ Bi10(Civil statusz)+ B

11 (Educational Level)+Bi, (Household residents,) +B13(Area of residence;) + B
Attends Churchy)+ Bi1s(Sees Childrens)+ fi1¢(Exercise;) + B17(Poory)+ B
Assetsy)+ Bi19(Life Satisfactioni)+e& (equation 2)

14 (
18 (
By including baseline life satisfaction, LDVM limits reverse causality
and some unobserved confounding 19, Typically, LVDM adjusts for some
“historical confounders”, i.e. variables associated with both health and
happiness 106, However, LDVM models are not as efficient in eliminating

time-invariant unobservable factors (i.e. genetics, personality) as first

difference models.

In this study, the estimations that rely on a binary outcome (LDVM and

pooled cross-sections; see next section) report two kinds of coefficients:
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marginal effects and standardized coefficients. Marginal effects express
the average probability change in the outcome that results from a one
unit increase in the independent variable. Standardized coefficients,
as explained earlier, report the standard-deviation change in the outcome
resulting from a one-unit standard deviation change in the independent
variable. Given their easier interpretability, this article focuses on
marginal effects; however the reader 1is encouraged to check the

standardized coefficients to compare the estimates.

Additional sensitivity analyses: pooled cross-sectional and
change-scores

We also report pooled cross-sectional and change-scores. The pooled cross-
sectional model uses the same covariates as in equation 2 and controls
for time effects through a year dummy. Pooling both waves increases the
sample size and thus statistical precision, versus the alternative of
running separate cross-sections. However, as any cross-sectional model,
pooled models are vulnerable to omitted wvariable bias 111, A separate
pooled model proceeded for each perceived health measure available (self-
reported health; health compared to peers). As, the pooled cross sections
use also a binary outcome, coefficients are reported in both marginal and

standardized forms?!.

The change-scores models regress the changes in life satisfaction on the

baseline predictors (AY on Xi):

probit (Life Satisfaction,-i1)=Bo+ Bi1(Self-Reported Health;)+ (. (Disability:)+
B3 (Chronics;)+ Bs(Allostatic Load;)+ Bs(Metabolic Syndrome;)+ [¢(Depression;)+
B7(Cognitive Impairment;)+ PBs(Pain Stomach)+Bs(Pain Lower Limbs)+Bi10(Age:)+ Bii
(Sex)+ Bir (Civil status;)+ Biz Educational Level)+Bjs(Household residents;:)

1 FD and change-score models were estimated through a specialized Stata command (-gologit2-). This

command does not allow the estimation of standardized coefficients. Therefore, standardized coefficients
are only reported for LDVM and pooled models.

23



+Bi15 (Area of residence;) + fBi¢(Attends Church;)+ Bi7(Sees Children;)+
Bis (Exercise;) + Bio9(Poor:)+ PBzo +(Assets:)+e (equation 3)

These models use an ordered probit specification and also conceive changes
in the outcome as a 4-level category. Conceptually, they are an
alternative to LDVM; however the econometric literature considers them to
be more prone to estimation problems 0. As (unlike first-differences and
LDVM) change-scores rely on baseline predictors, they permit estimating
the relationship between happiness and those subjective health measures
available in round one only, which include pain (stomach/lower limbs).
Therefore, change-scores is the sole method to estimate the relationship

between happiness and pain.

All the previous models use self-reported health as the perceived health
variable. An additional appendix provides estimations for the other
perceived health measure in our survey: health compared to peers. As this
variable is also available in both waves; it is also assessed through FD

and LDVM specifications.

Mediation analyses for policy groups

Mediation tests confirm whether perceived health could mediate between
happiness, on the one hand, and depression/poverty on the other. This
is warranted because perceived health has been shown to be affected by
the last two dimensions 73. If our data support perceived health’s
mediating role, then interventions on poverty and depression could improve
perceived health (i.e. mediator) and hence happiness. The mediation tests
were run on the LDVM models in equation 2. LDVM was chosen to test
mediation because of methodological limitations: standard commands in
statistical packages cannot estimate mediation in variables with more

than two levels; mediation tests in the first-differences model was
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therefore not possible, but they are in LDVM - the second most robust
analytical method. In order to estimate the models, we used the binary

mediation command in Stata 11 112,

Most standard mediation tests—such as the one used in this essay—assume
that the mediator (i.e. perceived health) is randomly assigned!!3, and
hence unaffected by unobservable confounders. However, the subjective
nature of perceived health makes it likely to be affected by unmeasured
variables (i.e. pessimism). Further, perceived health may affect the
exposure variable (i.e. depression), which would also violate the previous
assumption. The test assumes further that the main exposure (i.e.
depression) affects the mediator (i.e. perceived health), which in turn
affects the outcome (life satisfaction). However, causality could also
run in the reverse direction: 1life satisfaction could affect self-
perceived health, which could in turn affect depression. Hence, the
results from our mediation test cannot be taken as conclusive. In all
models, robust standard errors address heteroskedasticity concerns.

Collinearity was assessed through variance inflation factors.

Results

As table 1 reflects, the characteristics of our sample did not vary
substantially between both waves. The table shows two major exceptions.
First, the percentage of individuals feeling very satisfied increased
from wave 1 to wave 2 (p<0.05). Second, average incomes increased from
132,000 to 173,000 colones per month. The increase 1is consequence of
general raises in pensions for the elderly introduced in 2006 and 200773.
Indeed, among those pensioned (54.4%) in our analytic sample, the 25%

percentile went from earning 35,000 colones in round 1, to 52,000 colones
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at wave 2. The changes in the upper end of the distribution were even
more substantial: the 75%-ile increased from 125,000 to 175,000 per month.
In contrast, the average incomes for those not pensioned (45.6% of the
analytic sample) did not increase between both interviews. The table also
shows that, while objective health conditions deteriorated, subjective
health improved. Therefore, subjective and objective health measures
are not highly correlated, as they changed in different directions between
the two time periods. Finally, average incomes increased substantially
(p<0.05) . This reflects a general increase 1in pensions for the poor

between both time periods 73.

Table 2 disaggregates the bivariate relationships between health and life
satisfaction. The table confirms that in both interview rounds the more
satisfied group enjoyed better health -- subjective and objective. The
only exceptions are allostatic load and metabolic syndrome; while the
very satisfied still enjoy better health, differences are not significant.
Therefore, this evidence suggests clearly that health 1is a strong

correlate of life satisfaction.

The multivariate analyses suggest that subjective health measures are
strongly associated with life satisfaction. We begin by analyzing the
first-differences (FD) model. The predicted probabilities on table 3a
show that a one-unit increase in self-reported health is associated with
an 8.7% higher probability of persistent satisfaction (p<0.001) and a
4.3% (p<0.001) lower probability of persistent dissatisfaction.
Depression 1s an even stronger predictor: a one-unit increase 1in
depression is associated with a 23.6% decreased probability of persistent
happiness (p<0.001), and 11.6% higher ©probability of persistent

unhappiness (p<0.001).
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Self-reported health and depression dominate also in all sensitivity
analyses. The LDVM models in table 4 support that good self-reported
health is associated with a 16.9% (p<0.001) higher probability of feeling
very satisfied. Depression exhibits the largest relationship with life
satisfaction: being depressed lowers the probability of feeling very

satisfied by over 50% (p<0.001).

The cross-sectional pooled sensitivity analyses in table 5 replicate these
findings: again, self-rated health and depression are the strongest life
satisfaction. As in the LDVM models, these patterns are sustained when
coefficients are both marginal (i.e. perceived health and depression are
associated with the largest percentage changes in happiness) and
standardized (i.e. when standardized to a common basis, these dimensions

are still the strongest correlates of happiness).

The change-scores sensitivity analyses 1in table 6a sustain the same
patterns: depression and self-rated health still dominate in predicting
life satisfaction. Further, and as discussed in the methods section,
change-scores were also used to estimate the associations of the two pain
variables (upper and lower pain). The same table shows that both pain
measures are highly statistically significant in predicting 1life
satisfaction, and stomach pain has a stronger association with 1life
satisfaction than pain in the lower limbs. Yet, the magnitude of the
associations of pain with life satisfaction are about half of those of
perceived health, which are much lower than depression. Taken together,
the evidence is compelling in that all subjective health measures (i.e.
depression, self-rated health, and pain) have strong and significant

associations with life satisfaction.
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Of all objective health measures, disability is the only dimension
statistically associated with 1life satisfaction. However, its
associations are of lower magnitude and intermittently significant. In
the FD model (table 3a), disability results in a 2.6% (p<0.1l) lower chance
of persistent satisfaction and a 1.3% (p<0.1) higher chance of persistent
dissatisfaction. Disability is also associated with happiness in both

pooled cross-sectional models (table 6), where disabled individuals have

a 6%-8% lower chance of feeling very satisfied (p<0.05). In the rest of
models (bottom FD, LDVM, and change-scores), disability is non-
significant.

The previous analysis suggests strongly that subjective health has far
stronger associations with happiness than objective health. Indeed, the
associations of subjective health measures (self-rated health,
depression, pain) with life satisfaction are always far higher and more
statistically significant than those for disability—the only significant
objective health dimension. These findings are true for all the models
just discussed, which presented results as predicted probabilities and
marginal coefficients, thus allowing an intuitive interpretation. The
standardized coefficients, which provide a more direct comparison of
estimates, reinforce the same point: again, subjective health measures
(depression, perceived health, and pain) have larger magnitude
associations with life satisfaction than disability, which is the only
significant objective measure. Table 3b presents standardized
coefficients for the first-differences model; table ©6b displays
standardized coefficients for the change-scores model. Such findings are
further buttressed by the specifications in the appendix, which use as an

alternative perceived health measure the respondents’ assessment of their
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health versus their peers’. The appendix portrays the same picture:
subjective health prevails over objective health 1in predicting 1life
satisfaction. Therefore, the findings are consistent in all analyses

used in this study.

We then examined which measures of disability are associated with life
satisfaction. ADLs predominate: in tables 7 and 8, the estimates for ADL
are larger than for IADL. In addition, ADL estimates are always
significant, whereas IADL estimates are significant in only one case.
These associations seem plausible, given that ADLs gauge more fundamental

life functions than IADLs !4 and thus imply a higher dependency on others.

The mediation tests elucidate whether poverty and depression may affect
life satisfaction through perceived health (table 9). Poverty is not
associated with life satisfaction, whether directly or through subjective
health. However, depression does exhibit a strong association with life
satisfaction, both directly (f=0.363; p<0.001) and through self-reported
health (B=0.058; p<0.001). Indeed, the tests support that self-reported
health mediates 13.1% of the relationship between depression and life
satisfaction. Depression emerges therefore as a major determinant of
life satisfaction, both directly and through self-reported health.
However, as mentioned earlier the mediation tests must be taken with great
caution given the 1likely endogeneity of our mediator variables (i.e.

depression and others).

Generally, the rest of covariates perform as expected (results not shown

in tables). Variance inflation factors across regressions always are

below two; multicollinearity was therefore not a concern.
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Discussion

This study suggests that subjective health is a far better predictor of
life satisfaction than objective health. In other words: subjective
health is strongly associated with life satisfaction, even after adjusting
for objective health and other factors. This 1s the case for all
subjective health indicators: depression, perceived health (two different
variants) and pain (two different wvariants). Disability is the only
significant objective health measure; its association with 1life
satisfaction 1s also of lower magnitude and significance than the
subjective health indicators. Within types of disability, ADLs are more
predictive of life satisfaction than IADLs. Depression emerges as a key
predictor of life satisfaction, and previous studies found them to be
related 115, Finally, the influence of depression on life satisfaction
may be partly mediated by perceived health (i.e. perceived health mediates

about 13% of the relationship between depression and life satisfaction).

These findings stand in contrast to some existing literature, which finds
that physical health-—particularly physical functioning—is an important
predictor of elderly happiness!?¢, 117-119  However, the findings are in
consonance with another major study on health and happiness in Latin
America, which found anxiety and pain to be more important than physical
health?. Adaptation may provide the most viable explanation for the
predominance of subjective health: people can adapt to objective
conditions. Indeed, some studies have found that individuals can adapt
even to severe disability?® Survivor effects may also explain the dominant
role of subjective health. These imply that those who survive beyond a
certain age are different on certain key characteristics than those who

do not. For example, survivors may be more optimistic, and hence report
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higher subjective health and happiness than the average population. All
individuals in our analytic sample survived until age 60; if survivor
effects are present, then our sample may be comprised of individuals who
are happier and tend to report Dbetter health--regardless of their
objective health status. In such case, subjective health would become
dominant. Existing literature suggests that survivor effects are
possible: happier individuals tend to live longer 120.121 and be more
optimistic 122, However, our data do not support a survivor effect:
adjusting for age, sex, and objective health, those who survived between
both waves did not report better health than non-survivors (results
available upon request). An additional explanation for the predominance
of subjective health lies in social comparison, whereby people assess
their health based on implicit comparisons with others. By comparing
themselves with those in a more disadvantaged position, individuals may
be giving more weight to their subjective (rather than objective) health
39, As table 1 shows, the significant increase in perceived health
measures between Dboth rounds of interviews (chi2; p<0.001)-- while
objective health tended to deteriorate—lends some support to this

hypothesis.

The dominant role of subjective health offers two important implications
for health policy. First, traditional health care, unless accompanied
by other interventions, may have a limited effect on happiness. This is
because health interventions target objective outcomes (i.e. levels of
cholesterol, blood pressure levels, and so on), whereas perceived health
has a wider set of determinants, some of which lie beyond the direct
control of health care. Several studies have demonstrated that, across
the world, people commonly report a different health state than as

reflected by their objective health conditions!?3. This is largely due to
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health expectations, the use of the health services, and the understanding
of health questions 123,124, Perceived health is also more prone to be
affected by social dimensions, such as household income 73:125 and family
dysfunction 125, Second, the strong effects of depression and pain suggest
that treating these may indeed improve happiness. Hence, mental health
and pain management may be adequate venues to affect the life satisfaction

of seniors.

The current analysis presents limitations. First, life satisfaction is
assessed through a single survey item. Most scientific traditions assume
single-item variables to have lower reliability and wvalidity than multi-
item scales. However this 1is not necessarily the case in happiness
measures3?: previous attempts to validate multi-item happiness scales
(e.g. PGC Morale Scale, SWLS, and PWI) have been unsuccessful, as the
correlates of the scale may be confounded with the scale itself. A second
limitation 1lies in the categorical nature of the outcome. Social
desirability biases 126 and constraining the responses to four categories
may result in a ceiling effect. When interviewed by a stranger,
respondents may not admit to feeling “somewhat satisfied” or lower;
individuals may therefore feel compelled to report feeling very satisfied.
Ceiling effects are typical across the world; in the US, 80-85% of
respondents report their lives as very satisfying or satisfying 3°. In
spite of such ceiling effects, consistent findings across countries lend
support to the wvalidity of the measure. Another potential source of
bias is the instability of responses due to the mood of the interviewee.
As pointed out earlier, this is less of a problem with life satisfaction
questions 3° than in other happiness measures. An additional limitation
may lie in the exclusion of proxy interviews. Given that cognitive

impairment is a major reason for proxy interviews, and that answering
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life satisfaction questions requires awareness of the interviewee to their
current situation, it seems desirable to exclude these individuals with
heavy cognitive impairment from our analysis. Finally, concerns could be
raised about the subjective health variables. It could be thought these
are actually measuring the same latent variable (i.e. overall feeling of
health). However, the comparisons between subjective health dimensions
are all statistically significant (results available upon request),
suggesting that they measure different latent aspects of health. Hence
our subjective health measures seem related, but different constructs.
Finally. CRELES does not include the times of diagnosis. Therefore, it is
not possible to assess whether individuals adapt to particular health

conditions over time.

Another concern is the absence of important variables from our analysis.

Personality states and traits are particularly important. According to
Cheng and Furnham!?’?, the big five personality factors (openness,
contentiousness, extraversion, agreeableness, neuroticism) have

consistent relations to happiness. Indeed, neuroticism has been found to
be an important happiness correlate in Latin America 44. However
neuroticism, extraversion and openness tend to be stable across time 127-
129, First-differencing and LDVM should have partially washed away the

effect of these factors.

We could have claimed causal relationships by removing the endogeneity in
our models 111, The two most important sources of endogeneity are reverse
causality (i.e. happiness affecting health), and omitted-variable Dbias.
The FD, LDVM and change-scores analyses reduce the potential of reverse

causality. However, there is no certainty that these techniques can
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control for all relevant omitted variables. Hence, this study cannot

claim causality.

This is one of the first analyses that use a nationally representative
survey to assess life satisfaction in the elderly. The few studies
previously published on elderly happiness in middle-income countries
relied often on small-scale surveys °1:52,130  or used only one wave of data
45,131 Using two waves of data of a nationally representative survey
enabled adjusting for the effect of some unobservable factors; the
sampling frame of our data allows us to extrapolate the findings to the
national population. The quality of the CRELES data set is a further
strength. First, the interviewers experienced only 4% of refusals. Second,
while the database has some limited missing data; the vast majority of

variables have less than 5% missing observations.

Amongst existing health interventions, depression and pain management may

be viable instruments to improve the happiness of people over age 60.

However, further research is needed to determine which Thealth
interventions improve happiness. Subsequent studies could examine which
mental conditions are related to happiness. Future research could also

examine if appropriate treatment of these conditions leads to happiness.
Third, future studies could evaluate the impact on happiness of specific
programs for people over age 60. Fourth, the role of adaptation to health

conditions needs more thorough research.

Conclusion

Subjective health seems more successful than objective health in improving

happiness (measured as life satisfaction). Subjective health in turns
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depends on a set of determinants, some of which (i.e. socio-economic
status or expectations) are not within the direct reach of health care.
However, health services can treat effectively some subjective health
components, such as pain and depression. Through such interventions,

health policy may be more likely to affect happiness.
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Tables

Table 1: CRELES Sample, Waves 1 (2004-2006) and 2 (2006-2008)

Round 1 Round 2 Diff p-value
(n=2,011) (n=1,684)

Very satisfied (%) 74.9% 78.2% 3.3% 0.041

Age (years) 69.2 70.4 1.1

Sex (% female) 51.8% 52.5% 0.8% 0.934

Education (% no education/ primary 76.4% N/A N/A
school)

Civil status (% married or 63.4% 62.1% -1.3% 0.472
cohabiting)

Religious frequency (% go to church 53.3% 55.4% 2.1% 0.271
>=1 time/weekly)

Intense contact with children (% 79.1% 80.4% 1.4% 0.284

sees children >=1 time/weekly)

Exercises (% exercises >=3 34.8% 33.4% -1.4% 0.449
times/week)
Income (thousands colones, nominal) 132.0 173.1 41.1 0.000
Poverty (% below poverty line) 13.8% 12.6% -1.3% 0.294
Assets (score) 13.8 14.3 0.5 0.112
Locus of control (score) 3.1 N/A N/A N/A
Nr. of people in household 3.4 3.2 -0.2 0.010
Urban residence (% urban) 63.6% 62.9% -0.7% 0.694

Independent variables

Subjective health

Perceived health

Self-reported health (% with >= 55.2% 60.5% 5.3% 0.005
Good self-perceived health)
Health compared to peers (% who 79.6% 84.2% 4.6% 0.002
feel have better health than others)
Mental health
Depression (% depressed) 6.0% 5.6% -0.4% 0.675
Pain
Pain in stomach (% with pain) 24.0% N/A N/A N/A
Pain lower limbs (% with pain) 50.6% N/A N/A N/A
Objective health
Disability (% with >=+5 ADL/IADL) 10.2% 10.6% 0.4% 0.715
Chronics (% with >=3 chronic 28.2% 29.1% 0.9% 0.586
conditions)
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Allostatic index (% with low AL) 35.3% 47.3% 12.0% 0.000
Metabolic syndrome (% with 47.6% 56.9% 9.2% 0.000

metabolic syndrome, IDF criteria)

* Analyses take probability sampling weights into account
* Education and locus of control available only in wave 1
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Table 2: Relationship between Life Satisfaction and Independent Variables, Rounds 1 and 2

Round 1 (n=2,011) Round 2 (n=1,684)
Very < Very p-value Very < Very p-value
satisfie satisfie satisfie satisfie
d d d d
Subjective health
Perceived health
Self-reported health (% with >= Good 63.6% 30.2% 0.000 68.5% 31.7% 0.000
self-perceived health)
Health compared to peers (% who feel 84.3% 65.3% 0.000 87.6% 71.6% 0.000
have better health than peers)
Mental health
Depression (% depressed) 0.9% 21.1% 0.000 1.1% 21.7% 0.000
Pain
Pain in stomach (% with pain) 19.2% 36.7% 0.000 N/A N/A N/A
Pain lower limbs (% with pain) 45.1% 65.3% 0.000 N/A N/A N/A
Objective health
Disability (% with >=+5 ADL/IADL) 8.1% 16.6% 0.000 8.3% 19.0% 0.000
Chronics (% with >=3 chronic 25.0% 37.7% 0.000 26.9% 37.2% 0.001
conditions)
Allostatic index (% with low AL) 35.5% 34.6% 0.180 49.3% 40.5% 0.015
Metabolic syndrome (% with metabolic 46.6% 50.6% 0.750 53.6% 68.7% 0.000

syndrome, IDF criteria)

* Analyses take probability sampling weights into account
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Table 3. Main analysis: First-Differences Model for Life Satisfaction
(predicted probabilities)

Predicted Probabilities

Subjective Health Objective Health
Self- Std. Error Depressio Std. Error Disabilit Std. Error

reported n y

health
Persistent -4.3% 0.005*** 11.6% 0.012*** 1.3% 0.007*
dissatisfaction
Satisfaction -2.4% 0.003*** 6.4% 0.009**%* 0.7% 0.004%*
decrease
Satisfaction -2.0% 0.003*** 5.6% 0.008*** 0.6% 0.003~%
increase
Persistent 8.7% 0.087*** -23.6% 0.024*** -2.6% 0.014*
satisfaction

* OQutcome is modeled as follows: persistent dissatisfaction (< very satisfied at both
time points),; satisfaction decrease (very satisfied - < very satisfied); satisfaction
increase (<very satisfied - very satisfied),; persistent satisfaction (very satisfied
at both timepoints).

* Control covariates include subjective health (self-rated health, depression),
objective health (disability, chronic diseases, allostatic index, metabolic syndrome),
socio-economic measures (age, sex, education, civil status, poverty status, household
assets, number of household members), lifestyle (attending church, exercising,
children), and cognitive impairment

* Results reported only for statistically significant variables

* Results express predicted probabilities for l1-unit change in independent variables
* Robust standard errors

* Standard error legends: * if < 0.1; ** if <0.05; *** if < 0.001
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Table 4b. Main Analysis: First-Differences Model for Life Satisfaction
(standardized coefficients)

Standardized Std. Error

Subjective health

Self-reported health 0.296 0.033***

Depression -0.362 0.085***
Objective health

Disability (+5 ADL/IADL) -0.048 0.048***

* Control covariates are same as 1in table 3 (first-differences model covariates)
* Results reported only for statistically significant variables
* Results express standard deviation in Y per standard deviation change in X
* Robust standard errors
* Standard error legends: * 1if < 0.1; ** 1if <0.05; *** if < 0.001

Table 5. Sensitivity Analysis - Lagged Dependent Variable Model (LDVM)
for Life Satisfaction

Standardized Marginal Std.
Error
Subjective health
Self-reported health 0.240 16.9% 0.026***
Depression -0.242 -50.9% 0.081***
Objective health
Disability (+5 ADL/IADL) -0.048 -5.2% 0.038
Disability ADL -0.081 -5.5% 0.025**
Disability IADL -0.049 -4.2% 0.031
Chronics (three or 0.012 0.9% 0.025
more)
Allostatic index 0.012 -1.2% 0.023
Metabolic syndrome -0.076 -5.0% 0.024**

* Control covariates include subjective health measures (self-rated health,
depression), objective health (disability, chronic diseases, allostatic index,
metabolic syndrome), socio-economic measures (age, sex, education, civil status,
poverty status, household assets, number of household members), lifestyle (attending
church, exercising, children), cognitive impairment, and baseline life satisfaction.
* Robust standard errors

* Standard error legends: * if < 0.1, ** if <0.05; *** if < 0.001
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Table 6. Sensitivity Analysis - Pooled Cross-Sectional Model for Life
Satisfaction

Standardized Marginal Std.
Error
Subjective health
Self-reported health 0.255 0.181 0.016%***
Depression -0.323 -0.596 0.036%**
Objective health
Disability (+5 ADL/IADL) -0.060 -0.066 0.025%%*
Chronics (>=3) -0.027 -0.020 0.018
Allostatic index 0.001 -0.001 0.017
Metabolic syndrome -0.016 -0.011 0.017

* Control covariates include subjective health measures (self-rated health,
depression), objective health (disability, chronic diseases, allostatic index,
metabolic syndrome), socio-economic (age, sex, education, civil status, poverty
status, household assets, number of household members), lifestyle (attending church,
exercising, children), and cognitive impairment

* Robust standard errors

* Standard error legends: * 1if < 0.1; ** 1if <0.05; *** if < 0.001
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Table 7a. Sensitivity Analysis - Change-scores Model for Life Satisfaction (Predicted
Probabilities)
ALife Predicted Probabilities
Satisfaction
Subjective Health Objective
Health
Self- Std. Depre Std. Pain Std. Pain Std. Disab Std.
reporte Error ssion Error stomac Error lower Error ility Error
d h limbs
health
Persistent -7.1% 0.017x** 20.8% 0.024** 3.3% 0.013** 2.5% 0.012** 3.9% 0.018**
dissatisfaction *
Satisfaction -4.1% 0.015*%** 2.5% 0.024 1.9% 0.008** 1.4% 0.007** 2.3% 0.011**
decrease
Satisfaction -6.9% 0.015%** 24.3% 0.058** 0.9% 0.004~** 0.7% 0.003** 1.1% 0.005**
increase *
Persistent 18.1% 0.022*%** - 0.062** -6.1% 0.024*~* -4.6% 0.022** -7.3% 0.034**
satisfaction 47.5% *

* Control covariates include subjective health measures
limbs), objective health (disability, chronic diseases,
sex, education, civil status, poverty status, household
church, exercising, children), and cognitive impairment

(self-rated health, depression, pain stomach, pain lower

allostatic index, metabolic syndrome),
number of household members),

assets,

* Results express predicted probabilities for 1-unit change in independent variables
* Only statistically significant subjective and objective health measures are reported

*

Robust standard errors

*
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Table 8b. Sensitivity Analysis - Change-Scores Model for Life Satisfaction (Standardized
Coefficients)

Standardized Std. Error
Subjective health
Self-reported health 0.229 0.076%**
Depression -0.241 0.14***
Pain stomach -0.073 0.080**
Pain lower 1limbs -0.068 0.072*%*
Objective health
Disability (+5 ADL/IADL) -0.061 0.114*%*

Same control variables as in table 6a

Only statistically significant subjective and objective health measures are reported
Results express standard deviation change in Y per standard deviation change in X
Robust standard errors

Standard error legends: * if < 0.1; ** if <0.05,; *** if < 0.001

* % % % %

43



Table 9. First-Differences Model for Life Satisfaction by Disability Subtype

Disability Sub-Types (ADL and IADL)
Predicted Probabilities

ADL Std. Error IADL Std. Error
Persistent dissatisfaction 0.010 0.005%* 0.005 0.006
Satisfaction decrease 0.006 0.003* 0.003 0.003
Satisfaction increase 0.005 0.003* 0.002 0.003
Persistent satisfaction -0.021 0.011* -0.011 0.012

* Qutcome is modeled as follows: persistent dissatisfaction (< very satisfied at both time points),; satisfaction
decrease (very satisfied - < very satisfied), satisfaction increase (<very satisfied - very satisfied); persistent
satisfaction (very satisfied at both timepoints).

* Models use first-differences covariates: subjective health (self-rated health, depression), objective health
(disability, chronic diseases, allostatic index, metabolic syndrome), socio-economic (age, sex, education, civil
status, poverty status, household assets, number of household members), lifestyle (attending church, exercising,
children), and cognitive impairment

* Robust standard errors

* Standard error legends: * if < 0.1; ** if <0.05; *** if < 0.001

Table 10. Lagged Dependent Variable Model for Life Satisfaction by Disability Subtypes

Standardized Marginal Std.
Error
Subjective health
Self-reported health 0.240 0.169 0.026***
Disability sub-types
Disability ADL -0.081 -0.055 0.025*%*
Disability IADL -0.049 -0.042 0.031

* Models use LDVM covariates: subjective health (self-rated health, depression), objective health (disability type,
chronic diseases, allostatic index, metabolic syndrome), socio-economic (age, sex, education, civil status, poverty
status, household assets, number of household members), lifestyle (attending church, exercising, children), cognitive
impairment, and baseline life satisfaction.

* Robust standard errors

* Standard error legends: * if < 0.1, ** if <0.05; *** if < 0.001

44



Table 11. Mediation Tests Self-reported Health (LDVM Models)

Total Std.
effect Error
Mediation between depression and life satisfaction
Total effect -0.421 L032**~*
Direct effect of depression on life satisfaction -0.363 L035% %%
Effect mediated by self-reported health -0.058 .0134***
% of total effect mediated by self-reported health 13.3%
Total Std.
effect Error
Mediation between poverty and life satisfaction (n=278)
Total effect -0.046 0.042
Direct effect of poverty on life satisfaction -0.045 0.041
Effect mediated by self-reported health -0.001 0.009
% of total effect mediated by self-reported health -0.1%

* Covariates are: subjective health (self-rated health, depression), objective health (disability type, chronic
diseases, allostatic index, metabolic syndrome), socio-economic (age, sex, education, civil status, poverty status,
household assets, number of household members), lifestyle (attending church, exercising, children), cognitive
impairment, and baseline life satisfaction

* Model regresses happiness at wave 2 on waveZ covariates and baseline life satisfaction

* Standard errors are robust

* Standard error legends: * if < 0.1; ** if <0.05; *** if < 0.001
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Appendix: additional estimations

Perceived health measure: self-assessment of own health status versus peers

Table Al: Fist differences model (predicted probabilities)

Predicted Probabilities

Subjective Health Objective Health
Health Std. Depression Std. Disability Std.
compared to Error Error Error
peers
Persistent -3.3% 0.007*** 13.2% 0.013*** NS NS
dissatisfaction
Satisfaction -1.9% 0.004*** 7.6% 0.011*** NS NS
decrease
Satisfaction -1.8% 0.004*** 7.0% 0.010*** NS NS
increase
Persistent 7.0% 0.014*** -27.8% 0.027**%* NS NS
satisfaction

* Same covariates as for table 3

* OQutcome is modeled as follows: persistent dissatisfaction (< very satisfied at both time points),; satisfaction
decrease (very satisfied - < very satisfied),; satisfaction increase (<very satisfied - very satisfied), persistent
satisfaction (very satisfied at both timepoints).

* Results reported only for statistically significant variables

Results express predicted probabilities for l1-unit change in independent variables

Robust standard errors

NS denotes lack of statistical significance

Standard error legends: * if < 0.1; ** if <0.05; *** if < 0.001

*
*
*
*
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Table A2: First Differences Model (standardized coefficients)

Standardized Std. Error

Subjective health

Health 0.166 0.047***
compared to peers
Depression -0.412 0.093**%*
Objective health
Disability (+5 N/S N/S
ADL/IADL)

Same control covariates as 1in table 3 (first-differences model covariates)
Results reported only for statistically significant variables

Results express standard deviation in Y per standard deviation change in X
Robust standard errors

Standard error legends: * if < 0.1; ** if <0.05; *** if < 0.001

* % % % %

Table A3: Lagged Dependent Variable Model

Standardized Marginal Std.
Error

Subjective health

Health 0.087 8.8% 0.036**
compared to peers
Depression -0.270 -55.5% 0.074***
Objective health
Disability (+5 -0.050 -5.5% 0.040
ADL/IADL)
-0.119 -7.9% 0.024%**
Disability ADL
-0.063 -5.5% 0.033%*
Disability IADL
Chronics -0.008 -0.5% 0.026
(three or more)
Allostatic 0.010 0.7% 0.024
index
Metabolic -0.048 -3.2% 0.025
syndrome

Outcome: probability of feeling very satisfied

Control covariates are same as in table 4.

Robust standard errors

Standard error legends: * if < 0.1; ** if <0.05; *** if < 0.001

* % % %
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3. THE RELATIONSHIP BETWEEN EARLY CHILDHOOD
HEALTH AND HAPPINESS IN PEOPLE OVER AGE 60

Abstract

The determinants of happiness in senior populations are fairly well understood.
However, the link between childhood health status and senior happiness has not
yet been determined. We investigate whether childhood health is associated with
happiness (measured as life satisfaction) at later age, and the potential
pathways for such association. Our study wuses a two-wave, nationally
representative (n=2,827) survey of the elderly in Costa Rica (CRELES). Cross-
sectional and lagged dependent variable models support a statistically
significant and meaningful association between poor childhood health and elderly
life satisfaction (f=-0.071; p=0.06). Mediation tests suggest that adult self-
reported health may be the main mediator in this association. Child health may
be positively associated with 1life satisfaction throughout the 1life course.

Further research can elucidate the pathways for such a connection.

Introduction

Happiness is an ultimate human pursuit and a majority of people share happiness

as a life goall3?. In an international survey of 7000 respondents in 42
countries, 69% of rated happiness as their top priority®0. Mounting evidence

also suggests that happiness may impact health. For example, research has shown
that optimistic people tend to survive longer, due to improved self-efficacy
and possibly physiological effects!?. Indeed, happiness is a necessary component

of health according to its most common definition, which emphasizes "a state of
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complete physical, mental and social well-being and not merely the absence of

disease or infirmity”3>.

Happiness research is new and rapidly evolving. A majority of the literature
defines happiness as life satisfaction, that is “[the factors that] lead people
to evaluate their life in positive terms” 85. The determinants of what makes
an adult happy have been well studied over the past 15 years, and several
factors emerge as primary determinants. Genetics explains a large component3’
of the variation in happiness across adults. Personality traits such as
neuroticisml!33 134, extraversion?33 134, and locus of control’ss 76 are consistently
associated with happiness. While genetics and personality traits seem to remain
with the person for life, other predictors such as health, income, civil status,
employment, and social ties can change over the lifetime38-40, Additional
dimensions correlated with adult happiness include age3® 62 religious beliefs!3>
and environmental factors, such as safety, urbanization3® and the political
systemf®. Among these time-variant factors, health status stands out 41,42,43,44

as particularly important among the elderly?s.

Less research has investigated the links between childhood health status and
adult happiness. Related fields underline the importance of early childhood:
strong links have been found between early life conditions (i.e. childhood
health56,136, 137, 138,136,139 gocioeconomic status °7-140,56,141) and adult health. We
investigate if childhood health could be related to happiness in late life. So
far, this question was addressed by only one study®®, without significant
results. However, the previous effort relied exclusively on objective childhood
health measures (disability and chronic conditions), and did not explore

causation channels.
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This study examines happiness in the senior population of a middle income
country- Costa Rica. It takes advantage of a data set that measures subjective
and objective happiness in seniors, and contains information on their subjective
childhood health status. The dataset, patterned after the Health and Retirement

Survey of the US, contains a nationally representative sample of seniors.

This effort examines two interconnected null hypotheses. The first is that
childhood health is not associated with 1life satisfaction (i.e. happiness) at
a later age, adjusting for relevant confounders. The second postulates that
adult health does not mediate the previous relationship, adjusting for the same
confounders. The policy implication is that attention given to child health can
impact happiness throughout the life course. Answering these gquestions 1is
particularly important to Latin America and the Caribbean, a region projected
to age rapidly®?; however, it has implications for the US and other high income

countries as well.

Methods

Database

This study uses the ™“Costa Rican Study on Longevity and Healthy Aging”
(CRELES) 8., CRELES is a nationally representative sample of residents of Costa
Rica aged 60 years and older, which covers data on self-reported physical
health, psychological health, living conditions, health behavior, health care
utilization, social support, and socioeconomic status. This survey conducted
two rounds of interviews on the same individuals (n=2,827 and n=2,364

respectively), separated by two and a half years. Three features of the CRELES

data are relevant for analytical purposes. First, the difference in sample
sizes between both waves indicates that the attrition rate was 16% (n=463). A
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majority (10%) of non-respondents were deceased by the second interview, and
the remainder (6%) could not be located, mainly due to incorrect address®?.
Bivariate analyses revealed that censored and non-censored individuals were not
statistically different in terms of life satisfaction, socio-demographic, and
health. Hence, attrition-generated bias should be modest. Second, nonresponses
at baseline were low: only 4% of interview candidates refused to be interviewed
at the first wave 8!, Finally, CRELES oversampled the oldest-old (+95 years
old). The survey incorporates a set of weights to correct for oversampling and

non-response bias®3.

At CRELES, 703 interviews in the first and 676 in the second wave used a proxy
respondent 73, due to the senior’s inability to communicate and/or cognitive
impairment as measured by the Mini-Mental Measurement Scale (MMSE). These
interviews do not include any self-reported variables, including 1life
satisfaction. Proxy interviewees were therefore excluded, which results in an
analytical sample of n=2,111 (wavel) and n= 1,684 (wave 2). As mentioned in the
previous chapter, the exclusion of these individuals is desirable for analytic

purposes.

Conceptual framework

Our model3® regresses senior 1life satisfaction on childhood health, other
childhood conditions (childhood poverty, single-parent home), and a set of
control covariates selected from the happiness literature3s 39, Control
covariates include socio-economic variables (age, gender, education, and
others); social factors (seeing adult children, frequency of attendance to
religious services, etc.); health status (subjective and objective); and
personality characteristics (locus of control). The following sections explain

these in more detail.
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Variables

This study uses life satisfaction as the dependent wvariable. There are many
definitions of happiness, but life satisfaction is considered more stable over
time than competing definitions such as positive attitude, affect, and morale?3’.
The dependent variable was extracted from the most commonly used happiness
question®?12: “in general, how do you feel about your life?: very satisfied,
somewhat satisfied, somewhat unsatisfied, very unsatisfied”. The same question
is asked in surveys in the US3%/142  Germany®’, and Europe-wide®® surveys. As shown
in table 1, three-fourths of respondents in both waves reported feeling very
satisfied. Under such conditions, power calculations determined that
variability in some categories of the outcome would not be sufficient for
statistical inference. Therefore, the dependent variable was dichotomized

into being very satisfied or less than very satisfied.

All childhood questions in CRELES refer to the first 15 years of life (i.e.
childhood health or early life). The main independent variable (i.e. poor
childhood health) is self-reported from the following question: How was your
health for the majority of your childhood and adolescence? - Excellent, Very

Good, Good, Poor. Given it is self-reported, the main outcome is a subjective

measure of health. Secondary measures of childhood health concern specific
conditions: tuberculosis, rheumatic fever, poliomyelitis, malaria and
asthma/chronic bronchitis. These, in contrast to the primary outcome, are

objective health measures.

The model controls also for childhood adversity (poverty and father
absenteeism) . Overall childhood poverty is determined by an affirmative
response to having suffered from economic hardship during early life, which
resulted in regular inadequacy of eating, dressing or medical care (Yes/No).
Finer questions on poverty include not having worn shoes, having lived in a
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home without a bathroom or latrine, and having lived in a home without
electricity during early life. The one-parent household variable records

whether the biological father was absent from the childhood home.

CRELES includes assessments of subjective and objective health. Subjective
health measures concern typically non-physical health states, such as perceived
health and depression?4s. At CRELES, four questions ask respondents to rate
their own health. Two were asked in both waves: self-reported health (=1 if
the interviewee reported feeling in good, very good or excellent health) and
feeling in better health than others (=1 if the respondent feels in better
health than others their age). The other two are only available in the first
wave. These are health status selected from a card (=1 if self-rated their
health >=5 from a card, where 1=poor health and 7=excellent health) and
longevity (=1 if expects to live >= 10 more years; question asked to respondents
up to 85 years old). All these variables were also dichotomized along the good
vs. fair/poor axis. Individuals are classified as depressed if they suffer 10
or more depression symptoms on the Yesavage Geriatric Depression Scale (GDS-

15) °t.

Objective health measures are disability, chronic diseases, allostatic index,
and metabolic syndrome. These are dichotomized from index variables, which were
developed from measurements taken during the interviews. Disability expresses
inability to perform at least 5 out of 14 Activities of Daily Living (ADL) and
Instrumental Activities of Daily Living (IADL)?®2. The metabolic syndrome
variable follows the criteria of the International Diabetes Federation®. The
chronic disease variable denotes those with 3 or more chronic diseases as
measured by a count of self-reported diagnosis of cancer, heart attack, heart
disease, stroke, hypertension, high blood 1lipids, diabetes, 1lung disease,

arthritis, and osteoporosis. Allostatic load represents the ‘wear and tear’
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of the body and is a sum of seven biomarkers. Following convention, a point is
awarded for each dimension 1if the concerned individual is in the top 25

percentile of his or her distribution 9.

Additional covariates are age (5-year age groups); gender; civil status (=1 if
married or cohabiting), educational level (4 categories: no education, primary,
secondary, tertiary); number of household members (continuous); urban residence
(dichotomous); health region (7 health regions); living under the poverty line;
housing assets; and locus of control. Locus of control sums 7 items reflecting
whether respondents feel in control of their lives °98. Individuals were
considered poor if their personal income was below the national poverty line.
Personal income had already been adjusted to the number of people living in the
home and whether the respondent lived in a home that they own. Finally, the
housing assets index is a weighted average (range 0-32) of housing quality
(quality and materials of floor, ceiling) and home assets (number of telephones,

of computers, and others) 102,

Imputation of missing data

At CRELES, missing data is not a significant problem: only 5% of observations
were missing two or more happiness predictors. Variables with missing data
were imputed. Three covariates (depression scale, locus of control, and

allostatic index) were missing in >5% of observations. Imputation proceeded

through two different methods. First, single imputation proceeded for index
variables (i.e. variables that are the sum of subvariables). These are
depression, disability, locus of control and assets. Single imputation was

appropriate as information was available on the majority of subvariables in
each index (only <5% of observations were missing >20% of items in the index).
The rest of variables (chronic diseases, allostatic index, frequency of seeing
children, metabolic syndrome) were imputed through multiple imputation chained
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equations (MICE)1%4, MICE predicts missing values based on other variables with
non-missing wvalues; 1t imputes first the variable with the least number of
missing observations; then the second, and so on. All variables are cycled
through in such manner, and the whole process is repeated (usually 5-10 times)
until a dataset with converged estimates has been reached. This process produces

a single imputed dataset with no missing datal®.

Statistical analysis

Exploratory data analyses explored first the late life differences between those
who had suffered poor versus good childhood health. Then, bivariate analyses
explored the relationships between childhood adversity and senior 1life
satisfaction. Finally, the multivariate relationships between childhood health

and senior life satisfaction were explored.

The main analysis of this study consists in a lagged dependent variable model
(LDVM) . LDVM models were used for estimating the associations with 1life
satisfaction of both the primary (overall childhood health) and secondary
independent variables (specific childhood conditions). LDVM can partially
remove endogeneity. Endogeneity, which results mainly from mutual causation
and omitted wvariable bias!®, can pose a serious threat to statistical
inferencelll. By including lagged life satisfaction, LDVM models adjust for
mutual causationl!l?, and partially for unobservable historical confoundersl!®s,
which include personality characteristics 44, and other life circumstances. The
estimates of LDVM models are reported as marginal effects. These measure the
probability change in the outcome associated with a one unit increase in the

independent variable.
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LDVM regresses second round life satisfaction on childhood health, round two

predictors and baseline life satisfaction.

Probit (Life Satisfactionz)= Lo+ L1 (Childhood health)+ [2(Childhood
poverty)+ Bs(Single-parent childhood home) +B4(Agez)+ Ls5(Sexz)+ Le(Civil
Statusz) + B7(Household residentsz) +fs(Area of residence:) + Lo (Attends
Churchz) + Bio(Sees Childrenz)+ + fi11(Poorz)+ [iz(Assetsz)+ PBis(Life
Satisfactioni) +¢
Sensitivity analyses are pooled cross-sectional and change-scores. Both focus
on the primary independent variable only (overall childhood health) and use the
same controls as the main analyses. Pooling both rounds of data increases
sample size, and hence estimate precision, versus running separate cross-
sections. The pooled cross-sectional model controls for temporal effects through

a year dummy variable. However, as any cross-sectional model, it is highly

vulnerable to omitted variable bias 1il.

Change-scores models are an alternative to LDVM; however the econometric
literature considers them to be more prone to estimation problems 110, Our
change-scores model regresses the changes in life satisfaction on baseline
predictors (AY on Xi). Following the approach from Roberto and Gaskin 107,
changes in happiness adopt the following form: 0 for persistent dissatisfaction
(less than very satisfied at both time points), 1 if satisfaction decreased
between both waves, 2 if satisfaction increased between both waves, and 3 for
persistent satisfaction (i.e. individuals very satisfied at Dboth waves).
Hence, these are ordered from the least to the most desirable outcome. Given
that the dependent variable is categorical with four levels, this model uses an
ordered probit specification, and expresses the results as predicted
probabilities. These provide the probability change in a given level of the
outcome, resulting from a one unit-increase in the independent variable. Hence,

each level of the outcome will have its own predicted probability.
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Interactions: does the association between childhood health status and senior
life satisfaction vary across childhood adversities?

Interactions explore whether the relationship between childhood health and
elderly life satisfaction varies across other forms of childhood adversity.

These interactions use wave 1 data, and adopt the following form:

Probit (Life Satisfactioni)= Bo+ B:1 (Childhood health*Childhood
condition)+ 2z (Childhood health)+ B3(Childhood condition)+ Bs4((Childhood
poverty)+ Bs(Single-parent home) +Bs(Age1)+ B7 (Sex)+ Bs(Civil statusi)+
Be (Household residentsi) +Bi0 (Area of residence:) + fi11(Attends Churchi)+
Bi2(Sees Children:) + Piz(Poori)+ fis(Assets:i)+ ¢
The general interaction is expressed by (Childhood health*Childhood condition).
The first term of the interaction is always childhood health, which was
interacted with 5 different childhood conditions: overall poverty; having lived

in a home with no bathroom as a child; having lived in a home with no

electricity; have not worn shoes regularly; and one-parent household.

Mediator variables: potential vehicles for the relationship between childhood
health status and senior happiness

Assuming there 1s an association between childhood health and adult 1life
satisfaction (hypothesis 1), the next question is the nexus for such
relationship (hypothesis 2). The most likely links are health (subjective and
objective) and personality variables. In statistics, mediators stand in the
causal chain and affect the direction and magnitude of relationships between
the independent and dependent variables!!3., The availability of both rounds of
data for some variables (self-reported heath; health compared to peers;
functional disability; chronic diseases and depression) permitted testing their
mediation through LDVM models. Other variables (health status as chosen from a

card; expected longevity; pain and locus of control) were available only in the
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first survey round; their mediation was therefore tested through cross-sectional
models. As discussed earlier, cross-sectional models are less methodologically
robust, given they are more vulnerable to endogeneity (i.e. reverse causality

and omitted variable bias) than LDVM.

In all specifications, mediation was tested using a specialized command

(binary mediation) in Stata 11!!?. Mediation tests used a full happiness model:

Probit (Life Satisfactionz)=Lo+ L1 (Mediatorz)+ [z (Childhood health)+
B3 (Childhood poverty)+ B2(Single-parent childhood home)+ (s (Agez)+ fs
(Sex)+ B7 (Civil statusz)+ PBs (Nr. Household residents:z) +Bs (Area of
residencez) + fio(Attends Churchz)+ Pi11(Sees Childrenz)+ iz (Poorz)+
Bi3(Assetsz)+ Bis(Health covariatesz)+ [is(Personality covariatesz)+
Bis (Life Satisfaction 1)+ &€
A note of caution is warranted on the mediation test: standard mediation tests,
such as the one used in this essay, assume that the mediator (i.e. perceived
health) is randomly assigned!'3, and hence wunaffected by unobservable
confounders. However, health and personality variables are 1likely to be
influenced by dimensions not captured by our model, which would violate such

assumption. Therefore, the results from the mediation tests must be interpreted

with caution.

Falsification variables

The same models were used to test falsification variables. These are important
happiness predictors that should not mediate between childhood health and senior
life satisfaction. Falsification dimensions are attending religious services,
seeing children frequently, urban residence, and poverty. Insignificant
mediation tests would suggest that childhood health is not associated with life

satisfaction through these dimensions.
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Additional measures were used to enhance statistical estimation. These include
adjusting for heteroskedasticity through robust standard errors, and assessment

of collinearity through variance inflation factors.

Results

The multivariate analyses support that childhood health status is significantly
associated with 1life satisfaction in people over 60. This finding is also
buttressed by the bivariate relationships in our data, according to which a)
those who suffered poor childhood health are worse off across multiple
dimensions at late age, and b) poor childhood health and adversity are

associated with less life satisfaction after age 60.

Table 1 compares the characteristics of those who experienced good and poor
childhood health. After age 60, those in poor childhood health (all differences
p<0.05) are less satisfied with their lives, younger, less educated, reside in
the country side, have lower personal incomes and less housing assets. They
experienced also more childhood adversity: disease, poverty, and family
dysfunction (single-parent homes where the mother had no formal education).
Hence, poor childhood health is related with social disadvantage, in both early

and late life.

Table 2 shows that poor childhood health and adversity are associated with more
unhappiness after age 60. In the less satisfied group, 12.8% had suffered ill

overall health as children, almost double as much as in the more satisfied group

(6.9%; p<0.05). Less satisfied individuals were twice as likely to have
suffered certain childhood diseases (malaria and asthma (p<0.05)). Finally,

less satisfied seniors experienced also more childhood poverty in three
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different measures (p<0.05), and higher (non-significant) probabilities of

having been raised in a single-parent household.

Table 3 displays the bivariate relationship between childhood health status and
mediator variables. As discussed in the methods section, potential mediators
are current subjective and objective health. Significant relationships are found
only for subjective health mediators. Within these, childhood health status is
most strongly associated with adult self-reported health (14% group difference;
p=0.003). Poor childhood health is also associated with a considerable higher
probability of clinical depression (8.7%; p<0.000). In contrast, childhood
health status did not exhibit any significant relationships with the objective
health mediators. These results suggest strongly that childhood health 1is
related to how people feel about their late life health, rather than how healthy
they really are. In consequence, subjective health-particularly self-reported
health-—may be the main link between childhood health and life satisfaction after

age 60.

Table 4 shows the multivariate regressions of senior life satisfaction on
childhood health. In the main analysis (LDVM model), poor childhood health
(primary outcome) 1is associated with a 7.1% lower probability of being very
satisfied (p<0.06) at wave 2. In specific conditions, only childhood asthma
bears a relationship with senior 1life satisfaction (-6.8%; p<0.08). This
suggests that overall childhood health is a more reliable predictor of senior

happiness than objective (disease-specific) measures.

Both sensitivity analyses (pooled cross-sectional and change-scores; also in
table 4) confirm that overall childhood health has a negative significant
association with senior happiness. The consistency of these estimates rejects

hypothesis 1, and therefore supports a relationship between childhood health
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and elderly happiness. Further, table 5 shows that none of the interactions
between childhood health and other childhood adversity dimensions (not having
worn shoes, and so on) were statistically significant. Hence, the data support
an association between childhood health and senior happiness, but this

relationship is independent of other childhood adversities.

The mediation tests in Table 6 lead us to reject hypothesis 2, as they find
that self-reported health and locus of control mediate (respectively) 31.4%
(p<0.1) and 18.3% (p<0.05) of the relationship between childhood health and
life satisfaction. Adult-self reported health is positively correlated with
both childhood health and adult life satisfaction. Hence, lower childhood health
is associated with lower adult health, which translates into lower 1life
satisfaction. This mediation was tested through an LDVM model. However, locus
of control 1is negatively related to childhood health (while still being
positively related to life satisfaction). The negative association between
childhood health and locus of control accounts runs contrary to theory: better
childhood health is associated with lower perception of control, and hence less
life satisfaction. However, this test used cross-sectional data only (as locus
of control was collected only in the first wave); omitted-variable bias may
account for the unexpected direction in this mediation. Taken together, these
facts support that adult self-perceived health is the main mediator of our

relationship of interest.

Discussion

This study finds that childhood health is associated with senior life
satisfaction (i.e happiness), and that adult self-reported health may be the

main mediator for such association.
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All models support statistically significant and important associations between
childhood health and senior life satisfaction. In the LDVM model, childhood
health (p=-0.07; p=0.06) is a strong a predictor as weekly church attendance
(f=-0.07; p=0.001) - a factor long associated with happiness in older adults.
Childhood health is more important that other conventional predictors, such as
civil status (B =0.04; p=0.07) and adult poverty (p=-0.04; p=0.21)). In
addition, the self-perceived measure of overall childhood health is a stronger
predictor of senior 1life satisfaction than the disease specific measures.
Finally, mediation analyses support that adult self-perceived health mediates
31.4% of the positive association between childhood health and senior 1life
satisfaction.

The connection between childhood health and adult life satisfaction could take
place through pathway, latency and cumulative effects. All these have been
identified for the relationships between child and adult health!45138, Pathway
effects “occur when early-life circumstances influence 1life trajectories,
creating indirect effects on future health”145, For example, childhood
malnutrition could <create learning difficulties; the resulting lower
educational levels could affect health and hence life satisfaction. Latency
effects consist of the “independent effects [on future health] of early-life
exposures”. In such case, poor childhood health would create a persistent,
pessimistic outlook early in life that persist throughout the life course.
Finally, cumulative effects occur when health in late life is affected by
repeated stressors over the life course” 145, In such case, the same factors
(i.e. poverty, 1living in a marginalized area, etc.) that would affect our

mediators also life satisfaction throughout the life course.

The current study has some limitations. First, some questions in the CRELES
questionnaires may be prone to recall bias. For example, the childhood health

question inguired about the respondent’s health during “the majority of
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childhood and adolescence.” Memory gives leeway to recall biasesl!4?; assessing
the “majority of childhood and adolescence” presents cognitive challenges.
While recognizing these limitations, it must be pointed out that other major
surveys are similarly worded!4’.148, Second, there 1is no guarantee that our
analysis was able to control for all relevant confounders, particularly time-
invariant confounders (i.e. genetics), which are crucial in happiness
research® . Another limitation lies in availability of only one wave of data for
some mediators (good perceived health; longevity; locus of control). These
could be only assessed through cross-sectional models; the resulting omitted-
variable bias may have biased our findings. Finally, the absence of life course

data makes it impossible to assess association pathways across life stages.

These limitations do not mitigate the study’s strengths. First, previous
literature on elderly happiness relies usually on smaller surveys 130,51,52,149
Hence, our study overcomes previous concerns of low statistical power and the
impossibility to generalize to the national scale. Second, the few studies that
do use large datasets®>13l rely primarily on cross-sectional data. By using two
waves of data, we adjusted for unobservable historical confounders through
LDVM!¢,  Finally, LDVM reduces the possibility of mutual causation?lO. It is
possible that unhappy individuals tend to artificially over report adverse
conditions, including their childhood health. In such case, mutual causation
would occur, i.e. exposure and outcome would cause each other. By including
the lagged dependent variable, the possibility of life satisfaction impacting

reports of childhood health is adjusted for.

The current study highlights areas for further research. Future studies can
explore more extensively the association of other childhood dimensions (i.e.
family structure, characteristics and relationship with parents, etc.) with

happiness. At best, these studies would use semi-experimental designs
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(instrumental variable or similar) to assess causality. Life course studies
could also elaborate on the mediators suggested in this study, particularly on
the role of locus of control. Finally, further research could explore other
potential mediators. Such body of research could form the empirical basis to

incorporate childhood into existing happiness theory.

Conclusion

Our results suggest that childhood health status is an important predictor of
life satisfaction (a measure of happiness) in adults over age 60. Thus,
childhood health may be one of the best possible happiness investments!0,14,
There are cost-effective interventions to improve childhood health, including
neonatal care packages!®, immunizations, and fortifying food through vitamin A
and zinc!'®2. Through such interventions, governments may improve both the health
and the wellbeing of individuals over the life course. Further light into such

relationships may be a critical addition to the field of happiness research.
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Table 1: Late Life Differences by Childhood Health Status, Round 1

Good Poor Difference P-value of
childhood childhood difference
health health
(n=1,929) (n=176)
Very satisfied (%) 76.3% 60.5% 15.8% 0.000
Age (years) 69.3 67.9 140.0% 0.010
Sex (% female) 51.7% 52.0% -0.3% 0.941
Married/cohabiting 63.5% 62.1% 1.4%
(%)
Years of education 0.003
Nr. household members 3.4 0.765
(count)
Urban residence (%) 64.9% 51.5% 13.4% 0.003
Average income 136.1 95.3 40.8 0.007
(thousand colones)
Below poverty line 13.4% 18.6% -5.2% 0.096
(%)
Assets (points) 14.0 12.5 147.1% 0.028
Locus of control 3.1 3.2 -3.6% 0.322
(points)
Educational level of 27.4% 42.1% -14.8% 0.001
the mother (% mothers
with no education)
Childhood variables
Childhood poverty 55.4% 70.5% -15.1% 0.003
(%)
Did not wear shoes 59.1% 74.8% -15.8% 0.001
regularly as child
(%)
No electricity in 62.6% 75.6% -13.1% 0.008
childhood home (%)
No 23.9% 37.3% -13.4% 0.001
bathroom/latrines 1in
childhood home (%)
Father absent from 19.7% 34.2% -14.5% 0.000
childhood home (%)
Childhood health
variables
Tuberculosis (%) 0.3% 1.3% -1.0% 0.110
Rheumatic fever (%) 1.2% 8.2% -7.1% 0.000
Poliomyelitis (%) 0.5% 0.0% 0.5% 0.518
Malaria (%) 9.4% 26.6% -17.2% 0.000
Asthma/chronic 9.3% 28.7% -19.4% 0.000
bronchitis (%)
* Analysis takes sampling weights into account
* Statistical significance tests are two-tailed tests of proportions (categorical

variables)

and t-tests (continuous variables)
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Table 2: Relationship between Senior Life Satisfaction and Conditions
Experienced during Childhood

CRELES, wave 1

Very < Very Difference Test of
satisfied satisfied differences
Poor overall child health 7.2% 14.0% 6.8% 0.000
Childhood poverty (%) 54.6% 63.2% .5% 0.004
Did not wear shoes regularly 58.8% 65.4% 6.6% 0.026
as child (%)
No electricity in childhood 61.9% 69.4% 7.5% 0.012
home (%)
No bathroom/latrines 1in 23.8% 29.1% 5.3% 0.033
childhood home (%)
Single-parent home (%) 20.1% 23.7% 3.6% 0.125
Childhood health variables
Tuberculosis (%) 0.4% 0.4% -0.1% 0.859
Rheumatic fever (%) 1.5% 2.7% 1.3% 0.107
Poliomyelitis (%) 0.5% 0.5% 0.0% 1.000
Malaria (%) 9.8% 14.6% 4.8% 0.006
Asthma/chronic bronchitis 9.6% 15.2% 5.6% 0.003
(%)

* Analysis takes sampling weights into account

* Statistical significance tests are two-tailed tests of proportions (categorical
variables) and t-tests (continuous variables)

* Sample size too small for statistical tests of differences for tuberculosis and
poliomyelitis.
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Table 3: Bivariate Relationships of Childhood Health with Mediators and
Falsification Variables

CRELES, Round 1

Mediators Good Poor Differenc Statistical
childhood childhood e sig. of
health health difference
(n=1,929) (n=176)

Self-reported health 56.5% 42.5% -14.0% 0.003
Health compared to 80.4% 70.8% -9.6% 0.015
peers
Good perceived 83.2% 75.1% -8.1% 0.028
health (card)
Expected longevity 44.6% 40.0% -4.6% 0.385
(>10 years to live)
Disability scale 20.51 20.67 0.15 0.297
Functional 9.9% 12.8% 2.9% 0.292
disability (>=5
ADL/IADL)
>=3 chronic diseases 28.0% 29.7% 1.7% 0.669
Depressed (% with 5.2% 13.9% 8.7% 0.000
+10 depression
symptoms)
Falsification
variables

Attends religious 54.1% 46.7% -7.4% 0.114
services > 1 / week

Sees children > 1 79.4% 71.6% -7.8% 0.058
/ week

Urban residence 64.9% 51.5% -15.1% 0.003
(%)

Below poverty 13.4% 18.6% -15.8% 0.096
line (%)

Below extreme 6.2% 4.0% -13.1% 0.246
poverty line (%)

Analysis takes sampling weights into account
* Statistical significance tests are two-tailed tests of proportions (categorical
variables) and t-tests (continuous variables)
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Table 4: Multivariate Analyses for Senior Life Satisfaction on Childhood
Conditions

Main Results Marginal Effect Standard Error
LVDM
Overall child -7.1% 0.041*
health
Tuberculosis (%) -4.1% 0.118
Rheumatic fever (%) -1.0% 0.089
Poliomyelitis (%) N/A N/A
Malaria (%) -2.0% 0.033
Asthma/chronic -6.8% 0.039*

bronchitis (%)

Sensitivity
Analyses
Pooled cross-
sectional, 2004
Poor overall child -14.3% 0.030***
health

Change-scores

Predicted probabilities of Y associated with poor
overall child health

Predicted Probability Standard Error
Persistent 8.2% 0.020**~*
unhappiness
Happiness decrease 3.9% 0.010***
Happiness increase 2.7% 0.007***
Persistent -14.8% 0.035**+%

happiness

* Outcome modeled as follows: persistent dissatisfaction (< very satisfied at both
time points),; satisfaction decrease (very satisfied - < very satisfied); satisfaction
increase (<very satisfied - very satisfied),; persistent satisfaction (very satisfied
at both timepoints).

* Standard error legends: * if < 0.1, ** if <0.05; *** if < 0.001

* Due to small sample size (n=5), multivariate regressions were not able to assess the

association of happiness with poliomyelitis
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Table 5: Interactions of Childhood Health with other Childhood
Conditions

Interactions (cross-sectional, first Marginal Standard
wave) coefficient error

Poor overall child health * -1.4% 0.079
Childhood poverty

Poor overall child health * 0.3% 0.077
Single-parent household

Poor overall child health * 6.4% 0.084
Child No Shoes

Poor overall child health * 10.1% 0.094
Child No Electricity

Poor overall child health * -10.0% 0.077

Child No Bathroom

* Standard error legends: * if < 0.1, ** 1if <0.05; *** if < 0.001
* Interactions were run on wave 1
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Table 6: Mediation Tests for Mediators and Falsification Variables

% of total effect Standard
mediated by variable Error
Mediators
Subjective health
Self-reported health (LDVM) 31.4% 0.009**
Health compared to peers (LDVM) 6.4% 0.006
Good perceived health (CS, wl) 11.4% 0.007
Expected longevity (expects to 7.9% 0.007
live >10 years,; CS wave 1)
Depressed (% with +10 depression 26.2% 0.018
symptoms,; LDVM)
Objective adult health
>=3 chronic diseases (LDVM) 3.3% 0.003
Functional disability (>=5 2.2% 0.005
ADL/IADL; LDVM)
Personality variables
Locus of control (CS, wave 1) 18.3% 0.005*%*
Falsification
Attending church >=1 week (LDVM) 12.9% 0.004
Sees adult children >=1 week 0.5% 0.002
(LDVM)
Poverty (LDVM) 0.8% 0.002
Extreme poverty (LDVM) .3% 0.005
Urban residence (LDVM) 0.3% 0.002

* Standard error legends: * if < 0.1; ** if <0.05; *** if < 0.001
* Dependent variable: happiness; independent variable: childhood overall health;
covariates from happiness model and baseline happiness 1if LDVM specification
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4. USING HAPPINESS TO EVALUATE THE IMPACT OF
GOVERNMENT PROGRAMS

Abstract

Inherent to all governmental programs is the goal of improving the happiness of
the public. However, happiness has seldom been used as a program evaluation
criterion. Using econometric techniques, this study analyzes the impact of a
government program on life satisfaction (i.e. happiness). The program being
evaluated is Golden Citizen, a national initiative for the elderly in Costa
Rica. Using a nationally representative panel of the elderly in Costa Rica
(n=2,827), the analyses suggest that the program did not have a statistically
significant effect on life satisfaction, but it did have some positive effects
on two more commonly measured indicators -healthcare access and poverty. The
article discusses the benefits of evaluating government programs in terms of
happiness, and the reasons for a possible lack of a relationship between
intermediate outcomes and happiness. By using happiness as an outcome measure,

researchers can compare interventions from different sectors.

Introduction

Many people would posit that happiness is their ultimate goal®0. If, as claimed
by US President John Adams, “the happiness of society 1is the end of all
government”’, an important question is whether government programs can promote
happiness. Two opposing schools (summarized by Dutt et al.’) emerge on this
point. The first postulates that by increasing societal welfare, governments

increase happiness, especially amongst vulnerable groups, such as the elderly’.

The alternative perceives governments as “inefficient and self-serving”;
consequently citizens feel alienated and their happiness drops (p. 243). This
happens because governmental action encourages “collectivization”, thereby
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curtailing individual freedom, and displacing crucial social structures, such

as church and family.

A parallel debate concerns the appropriate instruments to increase happiness.
One theory is that fiscal policy can reduce economic inequalities (Veenhoven’),
non-satisfying consumption (Frank; p. 248), and destructive competition for
higher incomes (Griffith)—all of which should increase happiness. Another holds
that changes in non-monetary dimensions have more lasting impacts on happiness
than changes in income; therefore governmental programs should promote life’s
non-pecuniary dimensions (i.e. health, social relationships, and others) over
the economic ones'®3*. Such recommendations are based however on the relationship
of happiness to these dimensions; the impact of specific interventions on

happiness has been seldom explored.

Researchers overwhelmingly evaluate the impact of policies on intermediate
outcomes. This approach, which assumes that happiness will increase as a
natural result, underlies the use of economic indicators (i.e. GDP per capita)
to evaluate the performance of countries, and of sector-specific outcomes (i.e.
infant mortality rate; school enrollment rates) to evaluate governmental
programs. However, the assumption that positive changes in people’s lives will
necessarily lead to happiness may not always hold, and can lead to undesired
effects. Indeed, average happiness has remained constant in the US despite
steady economic growth over two decades 1!2; economic growth can also have
substantial externalities, such as environmental degradation and deterioration
of community relationships . These factors call for happiness to become an
additional metric in policy evaluations: by doing so, evaluations could guide
to policies that are more relevant to their ultimate goal, at lower social and

environmental costs.
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The literature on the elderly illustrates the scant use of happiness as an
evaluation criterion. Consider the literature on healthcare programs. One stream
has assessed their impact on clinical outcomes, such as survival, physical
functioning 154-1%6, cognitive functioning®®1%6, and pain 1°¢. Within this stream,
some have focused on more immediate outcomes, such as falls 1%7, weight loss 1°8
and exercisel®®., Mental health outcomes have also been the object of extensive
scrutiny, as shown by systematic reviews in the fields of depression 199,
bereavement 161, and suicide 162, A second stream of evaluations focuses instead
on the use of healthcare services!®3, including visits to emergency departments
164, hospitalizations, nursing homes 1%, and patient satisfaction %, A third
stream explores spending levels !%7, and the relationship between spending and
outcomes 108,169 Some of these studies 170:171 use composite outcomes that take
quality of life (i.e. Quality Adjusted Life Years) and disability (Disability
Adjusted Life Years) into account. All this literature sheds light on whether
programs improved certain intermediate outcomes. However; whether these
programs increased happiness is generally left unanswered. This is surprising,
given that it is likely that people prefer a program that makes them happy than
a program that promotes the use of appropriate medical care or its cost-

effectiveness.

Public authorities are well aware of the importance of happiness: 1if
governmental programs do not make constituents happier, dissatisfaction will
grow, and political capital—their most important asset for a politician—can be
lost. Recognizing this, some countries are starting to consider happiness an
overt policy goal. Since the 1980s, the Bhutanese constitution mandates the
State to “promote those conditions that will enable the pursuit of Gross
National Happiness”f¢l. Gross National Happiness is measured through an index,
which rests upon 33 indicators from 9 domains, one of which is psychological

wellbeing?’?, a concept akin to happiness. The governments of France and the
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United Kingdom have recently taken steps to increase the happiness in addition
to the wealth of their citizens 261, As part of those initiatives, the Office
of National Statistics of the UK has just published its first national well-
being statistics 8. These actions show that governments are increasingly

concerned about the happiness of their citizens.

If public action can affect happiness, then programs that improve happiness (in
addition to intermediate outcomes) can be Jjudged more successful than those
that only improve intermediate outcomes. Such reasoning provides the rationale
for this paper, which provides an example of how happiness can be used to

evaluate a government program.

The subject of this evaluation is Golden Citizen (GC), a national program that
aims to dignify and improve the quality of life of the Costa Rican elderlyl’3.
Given its focus on quality of life, the GC program should enhance the happiness
of participants. In many ways it is not different from many public programs in
the US and other countries. The main benefits it provides—improved access at
public institutions, commercial discounts, community activities, exercising—

are common objectives of public programs around the world.

Two hypotheses explore these relationships. The first states that the GC program
does not affect 1life satisfaction (i.e. happiness), after adjusting for
confounders. The second states that GC does not affect its intermediate
outcomes (i.e. improved access to services, reducing poverty status, promoting
exercise and facilitating friendship networks), after adjusting for
confounders. The 1intermediate outcomes are process variables, that 1is,
dimensions that should be affected by GC, and that should in turn affect life
satisfaction. A rejection of both hypotheses would suggest that GC improved

happiness and it did so through its programmatic activities. In such case,
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this article would provide an example of how a government program can affect
happiness. However, if program activities improved intermediate outcomes, but
not happiness, then a long held assumption - that a positive impact on
intermediate outcomes automatically leads to improved happiness - may be called

into question.

The Golden Citizen program

The Golden Citizen program (GC), is open to all residents in Costa Rica aged 65
and older, and has the overall objectives of improving the dignity and quality
of life of seniors. GC is a program of the Costa Rican Social Security (CCSS),
sole payer and provider of the national health system. The program is
coordinated by the Golden Citizen Office, which is part of the CCSS Benefits
Division. This central office is supported by five Regional Administrative
and Financial Offices, which coordinate a network of 73 social security offices

174 Individuals can enroll in the program at any of these officesl!’s.

Members receive a “Golden Card” upon enrollment, which entitles them to program
benefits, including increased access to public institutions, commercial
discounts, community and recreational activities 173, By 2007, the GC office
had already organized 167 workshops, at which 4,944 workers were trained to
assist senior citizens 173, The program created also 157 agreements with
commercial institutions, which were designed to “maintain an adequate
infrastructure, preferential seats and other Dbenefits for the elderly”'74.
Discounts to GC members vary between 2%-50%!7°, and are available at 6,000
establishments, including pharmacies, supermarkets, theaters, and recreational
facilitiesl’4, Since 2002, GC members enjoy also a “gradual discount in public
transportation”, whereby they “will travel for free in bus services up to 25
km”, will enjoy a 50% discount in distances higher than 26 km, and a 25% discount
in distances higher than 50 km”174, The GC program conducts also health and

75



culture workshops. The health workshops are conducted by physical education
professionals, and raise awareness about the benefits of exercise. The cultural
workshops focus on topics such as folkloric dancing, pottery, painting, and

flower arrangements 174,

GC has grown over time. Between 2005 and 2007, its membership increased by

25,000 people, and the budget increased five-fold, up to USD 370,000 173, p. 165

What makes people happy? A short review of the literature

The study of happiness has been always predominant in human thinking.
Aristotle, Seneca, Jeremy Bentham, John Stuart Mills and Adam Smith have all
published volumes on this topic 12. However, most of this literature 1is
conceptual; data-driven studies did not emerge until the 1980s. Since then,
psychologists, sociologists and economists have published over 3,000 happiness
articles 80, This literature has reached a few points of consensus. First,
genetics explains a large share of happiness. Studies on twins have shown it
to explain between 30%-80% of happiness across individuals?’. The impact of
genetics occurs through personality traits, such as neuroticism 133,134,
extraversion 133,134, and locus of control 75, 76, However, these genetic factors
are mostly immutable. Modifiable happiness predictors include health, income,
civil status, employment, and social ties 3840, Amongst these, health stands
41,42,43,44, egpecially among the elderly?. Additional important dimensions include
age 3862, religious beliefs 13> and environmental factors, such as safety,

urbanization 3% and the political system®®.

Methods

Conceptual framework
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This study uses a general happiness model for hypothesis 1 (i.e. relationship
between GC membership and life satisfaction). The dependent variable in the
model is 1life satisfaction, the independent variable of interest 1is GC
membership, and a set of controls selected from our literature review are
covariates. Following standard practice, relevant controls must be related to
both GC program membership (exposure) and life satisfaction (outcome). Though
there is a sizable literature on happiness correlates, no published studies
have explored the predictors of GC membership. Therefore, a series of analyses
(detailed below) were performed to understand which factors were predictive of
GC enrollment. Then, the happiness model selected first the main predictors
of elderly happiness from the literature, and from these, those related to GC
membership. The association of these predictors with GC membership was verified

through probit regressions.

The happiness model uses socio-demographic variables (age, sex, relationship
status, educational level, urban residence, region of residence, housing assets
38, enrollment in other social programs, pension status, health (metabolic
syndrome, chronic diseases, disability status; depression) and personality
variables (locus of control 757¢) ., . Originally, we had considered other
variables typically related to life satisfaction that could be also related to
GC membership; however they were not included because either they affect very
few respondents or are unrelated to GC membership. These are
unemployment,38,50,72,176  residence in a reliable community—a measure of social
capital 1'77, and two lifestyle variables of relevance in Latin America: how
often the respondent sees his or her children 78, and weekly church attendance
70, Household-level variables had been also considered. These include the
number of people in the household, the number of household residents over 65,

and the educational level of the spouse. Given that no theoretical foundations
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support their relationship with GC membership, they were excluded from our

estimations.

Happiness and GC membership may be also affected by unobservable characteristics
such as personality, culture, and life events. Unless properly adjusted for,
these factors become part of the error term, leading to biased and inefficient
estimates 111. Unobservable factors can be time-variant or time-invariant. As
discussed in the introduction, time-invariant unobservable factors (i.e.
genetics and personality) are crucial in explaining happiness; it is therefore
crucial to control for them 8. We were able to adjust for the influence of

these unobservable characteristics through various econometric techniques.

The second hypothesis explores whether GC membership affects process variables.
These are healthcare access (which should result from preferential attention),
improved income (commercial discounts), exercise 3851,14%9 gnd friendship networks
41,178 . The association of GC membership with each of these will be examined,
after adjusting for confounders. 1In order to test these channels, we have used
the exogenous covariates of our happiness model. These are age, sex,

educational level, and residence (urban and region of residence).

The data: CRELES

This study uses the “Costa Rican Study on Longevity and Healthy Aging” (CRELES)
database 82, CRELES is a nationally representative panel dataset of individuals
60 years and older in Costa Rica. CRELES covers self-reported physical health,
psychological health, living conditions, health behavior, health care
utilization, social support, and socioeconomic status. The dataset consists of
two rounds of interviews. The first, completed Dbetween November 2004 and
September 2006, includes 2,827 people. The second, completed between November
2006 and July 2008, contains 2,364 individuals from the first wave. Attrition
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was therefore 16% (n=463 people). The majority of these (10%) died before the
second wave was conducted, and the remainder (6%) could not be located for the
follow-up interviews$2, Bivariate analyses revealed that censored and non-
censored individuals were not statistically different in terms of 1life
satisfaction, socio-demographic, and health. Hence, attrition-generated bias

should be modest.

CRELES is modeled after the Health and Retirement Survey from the United States.
Hence, it uses a complex sampling design. To create the survey, a master file
of 9,600 individuals born before 1946 was first constructed. This required
stratifying all 55+ individuals from the 2000 Census of Population into 5-year
age groups, and sampling randomly from these strata, while oversampling the
oldest-old (95 years and older). As a consequence of oversampling, sampling
fractions varied between 1% (for those born between 1941 and 1945) and 100%
(those born before 1905). Then, the master file was divided into the

government’s already designated 102 Health Areas, 60 of which were selected

randomly for the first interview. The resulting sampling frame consisted of
almost 5,000 individuals, covering 59% of the national land area. Of these,

2,827 could be located for the first interview, resulting in a non-response
rate of 43.3%. Non-responses break down as follows: by the first contact, 19%
of interview candidates were already dead, 18% could not be located (due chiefly
to inaccurate addresses), 2% had moved, and 4% rejected (directly or indirectly)
to be interviewed 8. The vast majority of the 20% (18%+2%) that could not be
located differed from the rest of the sampling frame in terms of age, social
class and urban residence. In order to correct for non-response and
oversampling bias 83, CRELES incorporates a set of weights. These “allow the
replication of the structure for sex, age, residence and education of the whole
2005 population of Costa Rica born in 1945 or before”8l. Our statistical

estimations incorporate these weights as appropriate.
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To validate the dataset, the survey team verified the concordance on nine key
measures (age, education, etc.) between CRELES and EPHM, another major survey.
EHPM (Costa Rican Household Survey for Multiple Purposes) 1s a nationally
representative survey of 12,000 households conducted yearly by the National
Statistics and Census Institute of Costa Rica (INEC)?®8L, The two surveys had
very similar mean values in all 9 wvariables (<3.5 point difference®?). A
statistically significant difference arose only in the percentage of respondents
who are head of household. This difference is however attributed to the fact
that in “CRELES the informant is the same older person while in EHPM it can be
another person with a different perception on who is the head of the
household. ”8L, The high coherence between both surveys suggests that CRELES

should not suffer from significant response biases.

Another potential bias, typical of elderly populations®® lies in the use of
proxy interviews. At CRELES, 703 interviews in the first wave, and 676 in the
second required a proxy due to incapacity to communicate or cognitive impairment
of the main respondent’. These interviews contain no self-reported variables
such as life satisfaction. Given that cognitive impairment is a major reason
for proxy interviews, and that assessing life satisfaction requires self-
awareness by the interviewee, the exclusion of these individuals seems necessary
for analytic purposes. Concerns could be raised about whether excluding proxy
respondents could induce bias. This 1is because cognitive impairment in the
elderly has been linked with depression!’?, and hence lower life satisfaction.
On the other hand, cognitive impairment is unrelated to GC membership in our
sample; excluding respondents with high cognitive impairment should therefore
not induce bias. Proxy interviews were therefore excluded from our analytic
sample, which results in final study populations of 2,111 observations in round

1, and 1,684 observations in round 2.
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The variables

The main outcome measure is life satisfaction. Life satisfaction is one of
the definitions for happiness 3°. 1In contrast to other happiness measures, such
as positive affect or instant happiness, life satisfaction is more cognitive
and hence less vulnerable to transient moods. In fact, stability is the key
defining feature of 1life satisfaction versus other happiness measures3®.
Therefore, of all measurements, life satisfaction may be the most appropriate
to assess the impact of a program whose effects can accumulate over time, such
as GC. Hence, and in consonance with the majority of the literature, this

article uses happiness and life satisfaction interchangeably.

The dependent variable was extracted from the most common question in happiness
research 12,89; “in general, how do you feel about your life? very satisfied,
somewhat satisfied, somewhat unsatisfied, very unsatisfied”. The same question
was used 1in other large-scale studies?4,49,58,72,86-88  Similar to other studies,
responses presented a ceiling effect—74.7% of respondents in round 1, and 77.8%
in round 2 reported feeling very satisfied. Power calculations determined
that variability in some categories of the outcome would be insufficient for
statistical inference. Thus, this variable was dichotomized into being very

satisfied vs. less than very satisfied.

The independent variable of interest 1is Golden Citizen membership. This
variable determines program exposure, and equals 1 if the respondent answered
affirmatively to receiving support or services from the Golden Citizen program
(=0 otherwise). As established in the conceptual framework, covariates are
divided into socio-demographic, health, and personality. Socio-demographic
variables include age (categorized into 5 year groups); sex; relationship status
(=1 if in a relationship); urban residence (dichotomous); health region code
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(categorical, 7 health regions); educational level (4 categories: no education,
primary, secondary, and tertiary); pension status (dichotomous); enrollment in
other social programs (dichotomous) and housing assets. The housing assets
index is a proxy for permanent income 102, This index is a weighted sum 103 (range
0-32) of a set of questions on housing quality (quality and materials of floor,
ceiling) and home assets (room for cooking, number of telephones, of computers,
etc.). 1In this approach, each asset is assigned a weight, which is the inverse
of the number of respondents owning that asset. Hence, asset index=)asset*w,

and a higher score reflects higher asset value.

The health covariates are disability, metabolic syndrome, chronic diseases, and
depression. Disability was recoded from 14 items on Activities of Daily Living
(ADL) and Instrumental Activities of Daily Living (IADL). The 10 ADL questions
asked for difficulties with basic functioning (walking, bathing, eating, going
to bed, using toilet, and cutting toenails), and the four IADL questions asked
for difficulties with more complicated tasks (preparing food, managing money,
shopping, and taking medications). The sum of these items provides a reliable
measure ?3; respondents were considered disabled if unable to perform 5 or more
activities of daily living. The metabolic syndrome variable (dichotomous) is
based on the criteria of the International Diabetes Federation °. Individuals
were classified with metabolic syndrome if they had abdominal obesity (waist-
hip ratio>1) and any two of the following: high triglycerides (>150 mg/dL); low
HDL cholesterol (<40 mg/dL in males; < 50 mg/dL in females); hypertension (>130
systolic; > 85 diastolic), or diabetes. The chronic disease variable denotes
those with >= 3 chronic diseases as measured by a count of self-reported cancer,
heart attack, heart disease, stroke, hypertension, high blood lipids, diabetes,
lung disease, arthritis, and osteoporosis. The depression variable
(dichotomous) reflects whether an individual is clinically depressed according

to the 15-item Yesavage Geriatric Depression Scale (GDS-15). 1Individuals with
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>= 10 depression symptoms were classified as depressed, as established in a

psychometric validation in Latin America®l.

The personality variable is locus of control, which is linked to happiness 3°.
Locus of control reflects the degree at which respondents feel in control of
their lives (i.e. internal control). The locus of control score (continuous)

sums 7-items; higher scores would reflect higher internal control °8.

The intermediate outcomes (hypothesis 2) are healthcare access, income/poverty
status, exercising, and friendship networks. Measures of healthcare access are
whether the respondent waited =<30 min to be seen at the doctor’s office
(dichotomous), and whether they were visited by a primary care team in the last
12 months (also dichotomous). The second intermediate measure is poverty status.
Poverty status reflects current income flows, which are more prone to be
influenced by the GC program than permanent income (i.e. housing assets).
Calculating incomes entailed estimating personal income, and adjusting it by
the number of household members and the cost of housing. First, personal income
was estimated separately for the respondent and their spouse. These are the
sum of income from work, pension, and transfers from others. Given the absence
of income data for other household members, household income was assumed as the
sum of the personal incomes of the respondent and their spouse. Household
income was then divided by V2 if the respondent lived with their spouse?. Such
adjustment is warranted due to the recognition that two people in the same
household consume each marginally less than each person alone. Housing values
(i.e. how much the respondent would receive from renting the house they live in
and own) were added to incomes. This adjustment 1is standard in national
surveys 180,  Poverty and extreme poverty (both dichotomous) were determined by
applying national poverty thresholds for 2004 and 20079 to the estimated

incomes.
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Other intermediate outcomes are exercising and friendship networks. Exercising
(dichotomous) reflects an affirmative response to “exercise regularly or do
other physically rigorous activities like sports, Jjogging, dancing, or heavy
work, three times a week” over the last 12 months. Finally, a set of variables
examine the social relationships of respondents. The first (continuous) 1is the
number of friends reported. Then, to identify social isolation, this wvariable
was also dichotomized into having any friends or not. To identify intensity,
the last variable asks whether the respondent talks to their friends at least
once a week (dichotomous). Contrary to the rest of variables, the friendship
variables are asked only in the second wave of CRELES, which limits the choice

of econometric methods for their estimation.

Analytic approach

To understand the data, the bivariate relationships in the analytic sample were
reviewed. The first step was to understand the differences between GC members
and nonmembers, particularly in regard to life satisfaction. This proceeded by
exploring the demographic characteristics at both interview periods (table 1).
Then, a comparison took place of the baseline distribution of the main life
satisfaction predictors in GC members vs. non- members (table 2). Then, it was
necessary to understand the bivariate relationships along the causal chain: GC
membership, intermediate outcomes, and final outcome (life satisfaction). These
are explored in table 3 (relationship between GC membership and intermediate
outcomes) and table 4 (relationship between intermediate outcomes and life
satisfaction). Afterwards, to assess the extent of program take-up, a
comparison of GC membership took place between both waves (table 5). Finally,
we explored the predictors of GC membership using probit regressions.
Originally, we had tried the bivariate probit models with partial
observability!®? to this end. However, these failed to converge in every case
(a common problem in bivariate probits). For this reason, we opted for simple
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probits. As we had no theoretical model of which happiness predictors should be
associated with GC membership, we added variables to our program take-up models
in a block wise manner. First, we defined a set of core variables. These are
socio-economic: age, sex, educational level, housing assets, place of residence
(urban residence and area of residence), and relationship status. Pension
status was also included as a core variable, because it is a strong predictor
of GC membership, and is also a guaranteed source of income, which should affect
wellbeing. Then, using log-rank tests, we tested the statistical significance
of enrollment in other governmental programs; health (disability, chronic
diseases, metabolic syndrome; depression) personality (locus of control),

social life dimensions (frequency of seeing children; frequency of religious

attendance), and household dimensions (number of people over 65, educational
level of spouse, number of people in household). Amongst these, only programs,
health, and personality wvariables were significant. Therefore, the final

happiness model used for hypothesis 1 includes these three significant

dimensions as well as the core happiness predictors.

There were several concerns in choosing the econometric approach!!l 182  Four key
dimensions, listed in terms of importance, were taken into account. The first
is endogeneity, a major threat to causality in observational studies!!!, because
it leads to biased and inefficient estimates, rendering them “causally
uninterpretable”!!l. Typically, endogeneity results from simultaneous causation
between exposure and outcome, and from the influence of unobservable
confounders!lt. These two sources of endogeneity are crucial when individuals
can self-select 1into the program being evaluated, such as GC. Removing
endogeneity is therefore a primary concern. Second, within the second source
of endogeneity (i.e. influence of unobservable confounders), the most important
in happiness research are time-invariant unobservable factors, as they include

genetics and personality®®. Third, changes 1in 1life satisfaction should be
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depicted as accurately as possible. That is, we consider individuals who were
satisfied at both timepoints to be substantially different from those who were
dissatisfied; these groups should be therefore analyzed separately. Fourth,

for causality to occur, cause must precede outcome 111,

Various methods, each with its own strengths and weaknesses, can be used to
address the previous methodological dimensions. Instrumental variable (IV)

estimation and regression discontinuity (RDD) are commonly used to treat

endogeneity. However, these techniques identify only a local average treatment
effect, i.e. the effect on a small subset of observations. Therefore, IV and
RDD raise generalizability and precision concerns. The first arise because the

effect applies to fewer observations; it is difficult to generalize findings to
all individuals. Precision 1s a concern because as IV and RDD use fewer
observations, their standard errors are artificially wide. In addition, these
techniques rely on assumptions that cannot be always fulfilled. Additional
models to be considered include fixed-effects, differences in differences (DiD),
lagged dependent variables models (LDVM), change-scores, and propensity scores.
Fixed-effects models can accurately remove the effect of time-invariants (second
dimension) . However, they are known to be biased in their ordered probit forms?,
which 1is the specification necessary for this study, as the outcome 1is
categorical. DiD methods can cancel out the effect of time-invariant factors
(dimension 2) and fixed effects common to all individuals, but cannot model the
outcome as desired (dimension 3) or ensure that cause precedes outcome
(dimension 4). Change-scores and LDVM models do ensure that cause precedes
outcome; however adjust only imperfectly for unobservable factors 106,
particularly time-invariant 9, Within these two, change-scores have the
advantage of modeling separately those who stay satisfied vs. dissatisfied at
both time points, thereby complying with the third dimension. Propensity scores

can be used to enhance covariate balance—and hence comparability—between both
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groups. However, they also assume that there is no unobservable confounding- an
unrealistic assumption outside of a randomized trial. Propensity scores are
therefore an imperfect technique to remove endogeneity (dimension 1). Hence,

all models have their pros and cons, and no approach is methodologically ideal.

To balance out these trade-offs, we selected IV as primary and RDD as secondary
analyses. Under the right assumptions, both methods can remove endogeneity,
the foremost methodological concern. Sensitivity analyses are DiD, LDVM, and
change scores in their unadjusted and propensity-score adjusted forms. Amongst
these, DiD have the key advantage of removing time-invariant fixed-effects,
which are key in happiness research. Consistency across specifications would

lend validity to our results.

Statistical analyses for hypothesis 1 (effect of GC on happiness)

The main analysis is instrumental variable estimation (IV). The instrument is
an exogenous variable that affects the outcome only through the exposure of
interest. As discussed, the exposure variable (i.e. GC membership) 1is
endogenous, and therefore cannot be estimated with standard techniques. Iv
estimation uses the instrument to model first the exogenous exposure (first-
stage equation); and then estimates the effect of this modeled exposure on the
outcome (reduced-form equation). By identifying the effect only for those
individuals who joined GC as predicted by the (exogenous) instrument, estimates
are consistent, and hence free of endogeneity. For this to occur, the instrument
must fulfill two key conditions: a) strength, which implies that it is
sufficiently correlated with the endogenous explanatory variable, conditional
on the other variables; and b) validity, whereby the instrument is uncorrelated

with the error term in the reduced-form equation. Under such assumption, the
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instrument would be uncorrelated with both the outcome and observed factors,

i.e. endogeneity would be removed.

The instrument in our IV estimation is the percentage of neighbors enrolled in
the program. The instrument was constructed by dividing the number of GC
enrollees over total respondents within each health area (total of 60 health
areas) . Conceptually, this should be a sound instrument, as high GC-density
areas should not be systematically different from the rest, and individuals in
those areas should feel more compelled to join the program than those living in
areas with low GC penetration. Standard statistical tests were used to verify

the instrument’s strength (Crag-McDonald F-test) and validity (Wu-Hausman) .

The IV estimations use the exogenous covariates from the happiness model. These
include age, sex, educational level, and residence (urban and region). The
models were estimated using bivariate probit (-biprobit- command in Stata 11),
the specification indicated when exposure and outcome are both binary 183,184,
However, results must be taken with caution, as bivariate probits tend to result

in artificially narrow standard errors.

Accordingly, IV models used the following form:

Probit (Very Satisfied)=B¢+B1(GC*)+ B (Age)+B3(Sex)+ Bs(Years of Education)+ PBs
(Urban Residence)+ Bs(Region of Residence) +¢ (reduced-form equation);

Probit (GC*)=Bo+ Bi(Z)+ B2(Age) +B3(Sex)+ Bs(Years of Education)+ Bs(Urban
Residence)+ f[s(Region of Residence) +e& (first-stage equation);
where Z=% of neighbors currently enrolled in the GC program and GC*=instrumented
program participation.
IV estimations were conducted on a pooled cross-sectional database; the outcome

is therefore binary (very satisfied vs. less than satisfied). Hence, results

are expressed in average marginal effects, which reflect the average probability
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change in the outcome that results from a one unit increase in the independent
variable.

The secondary analysis 1is non-parametric regression discontinuity (RDD). In
RDD, effect identification relies on an exogenous cutoff that drives program
participation. By including this cutoff, the error term in the estimation
equation contains “no information that might correlate with the grouping
variable”11ll, Therefore, the influence of unobservable confounders--i.e.
endogeneity—is removed.

Individuals must be at least 65 years old to join the Golden Citizen program;
RDD uses this cutoff to model program participation. The effect is identified
by comparing local regressions of observations that are just before and just
after the cutoff. Hence, a local average treatment effect on compliers 1is

identified 182 per the following equation:

_frd= E[Yi(1) - Yi(0)|unit is a complier and Xi = c].

Given the low number of observations used in the local regressions, RDD suffers
from the generalizability and precision concerns mentioned earlier. We tried
to address these by pooling both CRELES waves (as if they were a single cross-
section) to increase the sample size for the RDD models. Though this may not
improve generalizability, the higher sample size should improve the precision

of the estimates.

The RDD model has some additional features. First, it is non-parametric, thus
making fewer assumptions about the error terms than parametric specifications
185 Second, it uses a fuzzy design. In contrast to sharp RD, which applies
only when all participants after the cutoff are enrolled in the program (i.e.
Medicare program in the US; everybody over 65 is enrolled), in fuzzy RDD “the

probability of receiving the treatment need not change from zero to one at the

89



threshold”?82, Indeed, fuzzy RD requires only a “discontinuity in the probability
of assignment to the treatment at the threshold”. Therefore, fuzzy RDD is
advisable only when a subset of individuals sign up onto the program- a realistic
assumption in the case of GC. Third, the RDD model uses a local 1linear
regression kernel. This is advised when “we are interested in the behavior of
the regression functions around a single value of the covariate” 182, i.e. in
the change in happiness between just before and after age 65. Fourth, our RDD
estimations used a specialized command in Stata-rd- 11 that optimizes the
estimation bandwidths, i.e. minimizes the squared bias plus variance of the
local regressions!!?, This was adequate to ensure a wise balance between the
bias and precision of estimates. Fifth, the analyses controlled for survey wave
and used robust standard errors. Controlling for survey round was necessary to
control for time effects - RDD proceeded on a pooled sample. Robust standard

errors were necessary to control for heteroskedasticity.

Finally, several checks were conducted to ensure that the RDD analysis meets
its basic assumptions. This entailed first verifying that there is indeed a
discontinuity in life satisfaction (outcome) at age 65 (cutoff). Second, we
inspected the existence of Jjumps in 1life satisfaction at other ages. A
discontinuity in life satisfaction at age 65, but not in other ages, would be
expected. Third, a Jjump in GC enrollment (exposure) at age 65 was verified.
Fourth, we contrasted our results using various estimation bandwidths. The
bandwidths determine the number of observations used in each local regression.
As they use fewer observations, narrower bandwidths are associated with lower
variances but higher bias!®®. Similar results across various bandwidths would
strengthen results. Given RDD estimations are pooled cross-sectional, the

outcome was also modeled as being very satisfied vs. less than very satisfied.

Sensitivity analyses
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To our knowledge, life satisfaction (i.e. happiness) has not been used before

in program evaluation. There is therefore uncertainty about the sensitivity of

this variable to government programs. This requires extra care to ensure the
robustness of findings. To that end, sensitivity analyses were used. These
are difference-in-differences (DiD), lagged-dependent variable models (LDVM),

and change-scores—with and without propensity scores.

DiD compares the pre-post differences in the conditional probability of being
very satisfied between those who joined vs. those who did not join the program.
This requires first calculating the pre-post difference within each group, and
then comparing these differences Dbetween Dboth groups. Under the right
circumstances, DiD controls for the effect of time-invariant confounders.
However, DiD does rest on two key assumptions. The first is that GC membership
is uncorrelated with time-variant confounders. Given that people may self-
select into the program, this assumption does not seem fully supported; the
results must be therefore interpreted with caution. The second assumption
states that the differences between the intervention and control groups stay
constant 187, As the survey timepoints are separated by only two years, this
can be reasonably assumed. In order to fortify the findings, propensity scores
will be used to enhance covariate balance—and hence reduce confounding—in the
analysis. DiD estimations were also conducted on a pooled sample, but restricted
to those not in GC at baseline. This restriction is necessary as DiD identifies
the effect of joining the program; the analytic sample must refer only to those

not in GC at baseline. The general design of DiD is:

Probit (Very satisfied) = B +B(GC)+B (t)+B (GC*t)+B (X)+ &

In this specification GC=1 if the individual Jjoined the program between both

waves (and 0 if not), and t=CRELES round. The interaction term (GC*t) is the
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DiD estimator, which reflects the effect on life satisfaction of joining the
GC program. We calculated the interaction term with the Stata -inteff- command
188, which computes interaction coefficients for nonlinear models. In the
equation, X is a vector of the happiness model covariates available in both
waves. These are age, sex, civil status, education level, urban residence,
area of residence, pension status, assets, disability, chronic disease,
metabolic syndrome, and depression. Finally, and following standard practice,

the DiD models controlled for the autocorrelations of the error term.

The next sensitivity analysis is LDVM. These models regress second wave life
satisfaction on second wave predictors and baseline life satisfaction (Y, on X;
and Y;). By including baseline 1life satisfaction, LDVM adjust for reverse
causality and some unobservable confounders 1%¢; however they offer no guarantee
of canceling out the effect of all time-invariant unobservables, such as
genetics. LDVM are considered as an alternative to change-scores 119, and, in
our specifications, conceive the outcome as dichotomous (very satisfied wvs.

less than very satisfied). Hence, the LDVM models adopt the following form:

Probit (Very satisfiedz) = o +B1(GCz2)+B2(Xzt)+B3 (Very satisfied:)+ ¢

Where the subscript denotes the survey round, and the X vector refers to the
same covariates as in the difference-in-differences model. As the outcome is

dichotomous, results are expressed as average marginal effects.

The third sensitivity analysis is change-scores. This model measures how
changes 1in 1life satisfaction relate to baseline covariates (Y.-Y: on Xi),
including GC status. Hence, this specification ensures that cause precedes
outcome, and also adjusts for the effect of historical unobservable confounders

106 In the change-scores models, life satisfaction changes were ordered from
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the least to the most desirable. They were therefore coded 0 for those who
were less than very satisfied at both time points, 1 if life satisfaction
decreased (Very Satisfied - Less Very Satisfied), 2 if 1life satisfaction
increased (Less Very Satisfied - Very Satisfied), and 3 if individuals were
very satisfied at both waves. Changes in the outcome were modeled in the same
manner elsewhere 107, As the outcome categories follow a natural order, these

models adopted an ordered probit specification:

Probit (ALife Satisfaction)= B+ [ (Golden Citizen:)+B(X:1) +¢&

Where the subscript denotes the survey wave, and the X vector includes the
covariates available in the first wave. These are the same as in the DiD and
LDVM, with two additional variables: programs and locus of control. Given
that the outcome is 4-level categorical, the results are expressed in terms
of predicted probabilities, using satisfied-satisfied as the reference group.
These provide the probability change in a given level of the outcome,
resulting from a one unit-increase in the independent variable. Therefore,
results express the probability of being in a certain category (vs.

satisfied-satisfied) that results from GC membership.

As mentioned, all sensitivity analyses (Change-Scores, LVDM, DiD) were re-
estimated with propensity scores. Propensity scores express the probability of
receiving the treatment, given a set of predictors. Hence, the development of

PS relies on a logit model:

e;= P(Ti = 1|X1i ); where e; is the propensity score

Propensity scores create intervention and control groups that are very similar

in the probability of receiving treatment as predicted Dby observable
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characteristics 189, Propensity scores have two main features. First, they

facilitate group comparison -- the distribution of observed variables becomes
more similar between both groups. Second, propensity scores assume that there
is no unmeasured confounding!®®. If this assumption is fulfilled--which cannot

be taken for granted 1in observational studies —propensity scores create
intervention and control groups similar to those of a randomized trial. In such

case (which is very unlikely), propensity scores would remove endogeneity.

Originally, two distinct sets of propensity scores were created. These are
simple and full model propensity scores. Simple model propensity scores are
based only on exogenous variables thought to affect both GC membership and life
satisfaction: age (categorical, 5 year groups), sex, educational level, urban
residence, and area of residence. Wave 2 propensity scores include these
variables + baseline GC membership. Full model propensity scores included
both exogenous and endogenous predictors. These are the ones used in the simple
models as well as: enrollment status in other government programs, poverty
status, pension status, disability, having four chronic diseases, depression,
and locus of control. As the results across estimations (change-scores, LDVM,
DiD) were very similar in both, we report only simple model PS. The results

for full model propensity scores are available upon request.

This study uses propensity scores in two different ways. These are nearest
neighbor matching (l1:k PSM) and weighting by odds, both of which identify the
average treatment effect on the treated (ATT). The first approach (l:k PSM) is
used 1in the change-scores and LDVMs analyses, and creates intervention and
control groups where each observation in one group (i.e. intervention) 1is
matched with another in the other group (i.e. control) that has a similar
propensity score. Hence, estimations compare very similar groups as long as no

unmeasured confounding exists. The second approach (weights by odds) is used
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in the differences-in-differences analysis. Here individual observations are
not matched; it 1is the covariate distribution across the whole group that
matters. Indeed, the weights by odds make the distribution of covariates across
the control group similar to the treatment group 190, In this estimation,
treatment observations receive a weight w=1, and controls w=(ei /l-ei), where
e; 1s the propensity score. Compared to PSM, weighting by odds has the advantage

of not excluding any observations, therefore using a larger sample.

The propensity scores analyses involved the following steps:

e Restriction of analytic sample to individuals >=65 years old, to enhance group
comparability.
e FEstimation of the propensity scores.

. Development of the PS-based technique to enhance the comparability (i.e. covariate
distribution) between groups.

[ Nearest neighbor 1l:k matching was executed with replacement and the common support

restriction. Matching with replacement improves the covariate balance (though it
may increase the wvariance). The common support restriction entails dropping
propensity score outliers, i.e. “treatment observations whose pscore [propensity

score]lis higher than the maximum or less than the minimum pscore of the controls”!9!,
This condition may improve the identification of the (ATT) effectl?, as it ensures a
better overlap between the propensity scores of both groups. Weights by odds were
developed manually using the formula above.

e Balance check of the propensity scores. Particular attention was given to overall
and within variable standardized bias. A standardized bias of <=5% was considered
adequate. We also verified the descriptive statistics of the propensity scores and
histograms to verify overlap of PS between groups. For the weights by odds
analyses, we checked the distribution of the weights through boxplots and
histograms. Outliers were trimmed at the 95% level.

° Estimation of the study designs (change-scores, LDVM, and DiD), with and without
the propensity scores.

Estimation of the intermediate outcomes (hypothesis 2)

We used the same study designs to assess the impact of GC on intermediate
outcomes. These are healthcare access (waiting for <=30 min at doctor office;
being visited by a primary care team in the last 12 months), poverty and extreme
poverty status, exercising (exercises >= 3 days/ week; vy/n), and social
relationships (having any friends vs. not; number of friends; speaks to friends

at least once a week). Hence, the analyses for the intermediate outcomes

include IV, RDD, DiD, LDVM and change-scores.
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The RDD models for the intermediate outcomes adopt the same functional form as
for the primary analysis (i.e. no covariates). The rest (IV, DiD, LDVM and
change-scores) used only the exogenous predictors from the happiness model.

These are age, sex, educational level, urban residence and area of residence.

Data imputation

At CRELES, missing data is not a significant problem: only 5% of observations
were missing two or more happiness predictors. Variables with missing data
were imputed. Three variables (depression scale, locus of control, and

allostatic index) were missing in >5% of observations. Imputation proceeded

through two different methods. First, single imputation proceeded for index
variables (i.e. variables that are the sum of subvariables). These are
depression, disability, locus of control, and assets. Single imputation was

appropriate as information was available on the majority of subvariables in
each index (only <5% of observations were missing >20% of items in the index).
The rest (chronic diseases, allostatic index, frequency of seeing children,
metabolic syndrome, and golden citizen membership) were imputed through multiple
imputation chained equations (MICE)1%4., MICE predicts missing values based on
other variables with non-missing values; it imputes first the variable with the
least number of missing observations; then the second, and so on. All variables
are cycled through in such manner, and the whole process is repeated (usually
5-10 times)until a dataset with converged estimates has been reached. This

process produces a single imputed dataset with no missing datal®.

Additional measures enhance the quality of the statistical models. Robust
standard errors address potential heteroskedasticity, and variance inflation

factors were checked to ensure the absence of collinearity.
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Results

Table 1 reflects the changes in our population between both waves. Significant
changes occurred in life satisfaction, age, household composition and income.
The proportion of those who feel very satisfied increased by over 3 percentage
points (p<0.05). This is in accordance with existing literature, which finds
that after a mid-age trough, individuals usually get usually happier as they
age?3s 39, The average age increased by 1.16 years, reflecting overall aging
of the sample and attrition at older ages (p<0.001). There was also a small
reduction in average household inhabitants (0.17; p<0.05), most 1likely a
consequence of widowing. Finally, the increases 1in personal income likely
reflect a governmental raise of pensions for the poor. Indeed, between 2006
and July 2007 the Arias administration raised the lowest pensions from 16,000
colones (US$32) to 50,000 (US $100)73. These income changes are mirrored by a
(statistically nonsigificant) 1.3% reduction in the proportion of poor in the
sample. The rest of changes are of low magnitude, insignificant, and can also
be explained by the aging process (i.e. increase in proportion of females;
decrease in people in a relationship, etc.). Hence, it seems that other than
the governmental pension increases, most changes in our sample are related to

aging.

Table 2 shows the differences between GC members and non-members at baseline.
The numbers suggest that differences may be primarily due to age. First,
individuals must be 65 to join GC, which explains the higher ages in the GC
group (5.41 difference, p<0.001). The age differential also could explain the
higher proportion of widowed, disabled and pensioned individuals in the GC
group. Indeed, all these dimensions have significant relationships with age

(p<0.001). Pension status may be the main catalyst for GC membership: as GC is
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a social security program, it is reasonable that pensioned individuals are more
encouraged to join, explaining the 25 point difference in pension status between
both groups (p<0.001). Hence, age seems to be the main driver of the differences
between GC members and non-members, including the 25% difference in pensioned

individuals between both groups.

We then explored whether the intermediate outcomes are related with GC
membership and life satisfaction. Tables 3 and 4 display such relationships
respectively. Table 3 shows the relationships of the intermediate outcomes
with GC membership. The table shows that GC members wait less at the doctor’s
office, are less 1likely to live in extreme poverty, and exercise less (all
p<0.05). Initially, we would have expected Golden Citizen members to be the
ones who exercise more; however, they are also older, which may explain their
lower levels of exercise. Frequency of visits by primary care teams, average
income, moderate poverty, and social relationships are statistically unrelated
to GC membership. Table 4 displays the relationships of the intermediate
outcomes with life satisfaction. These numbers show that except for primary
care visits, all intermediate outcomes have bivariate associations with 1life
satisfaction (p<0.05). Such relationships suggest that if GC impacts its
intermediate outcomes, it should be also impacting 1life satisfaction.

Subsequent multivariate analyses will explore these associations in more detail.

The propensity scores showed desirable properties. First, as reflected in table
5, matching decreased considerably the standardized biases. Mean standardized
bias is an aggregate measure of group overlap on a set of covariates; the lower
the bias, the higher the overlap. It is therefore a standard diagnostic for
propensity scores. Formally, it expresses the mean difference between both
groups divided by the square root of the mean sample variance of both groups!?®3.

A standardized bias of < 5% is desirable for inference purposes (i.e. reflects
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good overlap) . As table 5 shows, the mean standardized bias (i.e. for all
variables) fell from 7.1 to 0.2 after matching at baseline. Wave 2 showed also
substantial reductions, from a mean standardized bias of 17.5 to 4.8. All these

measures fall below the 5% standard cutoff.

The standardized bias figures for individual variables (available upon request)
show also desirable properties. At baseline, these are all <1% after matching,
and none of the observations were off common support, 1.e. no treatment
observations had a propensity score above the maximum or below the minimum of
the propensity score of the controls. Such figures change slightly for wave 2:
though the rest of variables have standardized biases < 5%, the standardized
bias for urban residence is 9.0% and for area of residence is 9.3%. However,
as these wvariables are not strongly related to the outcome, they should not
bias our estimates. In addition, only 10 observations were off common support
at round 2. The low number of unmatched observations reflects that PSM resulted
in the loss of a residual amount of information. The graphical analyses support
the previous notions. Indeed, graphs 1 and 2 demonstrate a good propensity score
overlap at both waves between the intervention and comparison groups. The
graphs reflect also that propensity scores are considerably higher in the second
wave. This is because wave 2 propensity scores include baseline GC status,
which is strongly predictive of GC status in the second wave (p=31%; p<0.0001).
As mentioned 1in the methods section, further diagnostics explored the
distributions of the propensity score weights used in the DID analyses.
Exploratory analyses showed that the original distribution of these weights is
right tailed, with a median=0.70, mean=0.92 and standard deviation=0.58.

Boxplots showed that 125 observations (7.6% of the sample) would be outliers

under such distribution. Large weights can result in inefficiency and bias
194; we thus decided to trim at the 95% level (weight>2.11). This should be

acceptable, given that graphs 1 and 2 show that there are few propensity score
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outliers - eliminating these observations should not substantially bias our

estimates. After trimming, boxplots did not reveal any outliers.

Program enrollment

As table 6 reflects, program take-up was considerable: over a quarter of the
interviewees joined the program between both waves. Such high enrollment was
concurrent to a five-fold GC budget increase between 2005 and 2007. Still,
68.1% of the respondents did not change their Golden Citizen status, where the
proportion of those who did not stay enrolled (51.0%) is much higher than those

who stay in the program at both rounds (17.1%).

Hypothesis 1: Effect of Golden Citizen on Life Satisfaction

The data do not support that the GC program impacted life satisfaction. Table
7 displays a summary of the findings for hypothesis 1. IV and LDVM suggest a
negative relationship between GC membership and life satisfaction. However,
RDD and DiD do not find a significant association. In change-scores models,
the only models that examine changes over time, Dbaseline GC membership 1is

statistically associated with persistent dissatisfaction, and persistent

satisfaction. However, Dbaseline GC membership 1is also associated with
increasing satisfaction. Therefore, the results are inconclusive.
Table 7 summarizes the relationships between GC and life satisfaction. The

table shows that according to the IV estimation, GC membership reduces the
probability of feeling very satisfied by 4.23% (p <0.05). This analysis seems
robust, as the instrument used (% of neighbors enrolled in the GC program)
appears strong and valid. The Cragg-Donald Wald F-statistic (F=89.7) shows the
instrument is strong, i.e. correlated with GC enrollment after adjusting for

exogenous confounders (F>10 is indicative of a strong instrument). The Wu-
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Hausman statistic for validity is not significant (p=0.80), which suggests that
the instrument is uncorrelated with the error term, and hence exogenous. Hence,

the instrument is adequate for analytic purposes.

However, the secondary analysis (RDD) does not find an effect. Indeed, the RDD
results reveal a negative but nonsignificant effect of GC on life satisfaction.
These results are to be considered within the wvalidity of the RDD design.
First, the data show that after age 65, 50.1% of the observations are enrolled
in GC. Given that only a subset of the potential enrollees chose to join the
program, estimations must rely on fuzzy RDD. Second, as graph 3 shows there
is a jump in GC enrollment at age 65 and no other such discontinuities at other
time points. Though there seems to be another discontinuity in program take-
up around age 100, this is due only to 7 individuals, and therefore not relevant
for analytical purposes. Therefore, the assumption on program enrollment is
fulfilled. Third, there 1is also a jump 1in the probability of feeling very
satisfied at age 65 (graph 4). Although this may be the largest discontinuity
in the graph, other such discontinuities occur at ages 62 and 76. We first
hypothesized that retirement may explain these three discontinuities (at ages
62, 65 and 76). If this were the case, the validity of the RDD model could be
questioned. Unfortunately, CRELES does not provide age of retirement, so we
were not able to assess the cause of these discontinuities. However, several
facts challenge such notion. First, only a minority (36.9% of seniors
nationwide) receive a pensionl!’3; chart 4.8. Second, in the main pension regimes,
individuals may not retire before age 65!73, p.20. In such case, retirement is
very unlikely to explain the happiness discontinuity at age 62. Third and most
importantly, the effect of retirement on wellbeing (including life satisfaction)
is still disputed, with evidence for positive, negative, and neutral effectsl?®,.
Therefore, it is not readily apparent why these other discontinuities occur; it

is possible for some of thee to be statistical artifacts. Finally, table 7 shows
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that the RDD results are robust to various bandwidths. The default is the

bandwidth selected by the -rd- command (bandwith=1.7), which minimizes the

MSE°6, Following standard practice, we also report results for half and twice
that bandwidth size. The table shows that the effect of GC membership is
negative but non-significant in all cases. Hence, a causal effect 1is not

readily apparent in the RDD design.

The sensitivity analyses find also a small negative or no effect. DiD, which
(as it in principle cancels out the effect of time-invariant factors) is the
most methodologically robust, reveals also non-significant results, whether it
be unadjusted (f=0.41; p>0.05) or propensity-score adjusted (f=2.54; p>0.05).
However, it is important to keep in mind that DiD models restrict the sample to

individuals not in GC at baseline; their study population is therefore slightly

different from the rest of estimations. LDVM, in turn, finds a significant
negative association when unadjusted (p=-5.40; p<0.05), but becomes
nonsignificant once propensity scores are used (f=1.06; p>0.1). The change-

scores models (also in table 7) provide a mixed picture as well. The unadjusted
change-score models finds that GC members have a higher probability of
persistent dissatisfaction (6.07%; p<0.05), and a lower probability of
persistent satisfaction (-11.59%; p<0.001). However, the same table also shows
that GC membership 1is also associated with an increased probability of
transitioning into satisfaction (5.15%; p<0.05). These patterns repeat
themselves in the propensity-score adjusted models. Taken together, all these
models (primary, secondary and sensitivity) suggest that GC enrollment 1is

unrelated or may have a small negative effect on life satisfaction.

Hypothesis 2: Effect of Golden Citizen on Intermediate Outcomes
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Most evaluations focus on intermediate outcomes. In this section we focus on
whether the GC program impacts these measures. The analysis concentrates on
four intermediate outcomes: - healthcare access, poverty, exercising, and
friendship networks. With the exception of RDD, all models (IV, DiD, LDVM and
change-scores) find impacts on poverty. In addition, IV and change-scores find

impacts on healthcare access.

Table 8 summarizes the impact of GC on intermediate outcomes. IV and change
scores analyses support that GC improves healthcare access, but only in its
first variant - probability of waiting < 30 min at the doctor’s office. Further,
these impacts are of low magnitude. In the IV model, GC membership improves
such probability by 2.0% (p<0.05). In the change-scores models, baseline GC
membership is associated with a 3.91% higher chance of persistent adequate
healthcare access (i.e. waiting < 30 min in both time periods), and lower
probability of persistent inadequate access (p=-4.9%; p<0.05). Notably, GC
membership showed no association whatsoever to the other healthcare access
variable - being visited by primary care teams. The impacts on poverty seem
more robust. In the IV analyses, GC membership reduces the probability of
poverty by 8.3% (p<0.05), and extreme poverty by 5.6% (p<0.05). The DiD and
LDVM models support effects of similar magnitude. Taken as a whole, these
sensitivity analyses suggest that joining GC is associated with a 5.9% average
decrease in the probability of poverty (p<0.05), and a 3.8% reduction in extreme
poverty. In addition, the change-scores models suggest that GC may be mainly

associated with keeping people out, rather than transitioning into or out of

poverty. Indeed, GC enrollment 1is associated with 7.0% (p<0.05) lower
probability of persistent poverty (7.0; p<0.05). GC is also associated with a

lower probability of transitioning into and out of poverty (in the -3.3% -1.8%,
range; see table). At first, it seems contradictory that opposite transitions

should be associated with GC. However the estimates are of low magnitude, so
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the real effect on poverty transitions is likely to be small. Hence, GC seems
mainly to protect from falling into poverty—rather than transitioning into or
out of it. Hence, the evidence supports an effect of GC on poverty, and

potentially on healthcare access.

The two other intermediate outcomes are exercising and friendship networks.
In table 8, only LDVM finds an increased probability of exercising for GC
members (B=6%; p<0.05). As this wvariable is not significant in the rest of
the models, it cannot be taken as conclusive. Impacts on friendship networks
are found, but only intermittently. The IV model finds that GC is associated
with higher intensity of contact with friends (3.9% increased probability of
seeing friends at least once per week; p<0.05). The LDVM model shows that GC is
associated with a 1.4 point increase in the number of friends (p<0.05). The
change-scores shows that the program is associated with an increased probability
of having at least one friend; however the marginal probability is low, and
borderline significant (f =1.5%; p<0.1l). In consequence, different models have
found associations of GC with different dimensions of friendship—the results

are not fully consistent. Therefore, it cannot be concluded that GC had a

significant impact on exercising or friendship networks.

Finally, the same table shows that none of the RDD models were statistically
significant. This may be explained by the fact that none of these variables
displayed a jump at the 65 year old cutoff, which decreases the probability of

identifying an effect.

As a summary, the analyses on the intermediate outcomes suggest that GC reduces

poverty and may marginally improve health care access, but has no discernible

effects on exercising and social relationships.
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Discussion

The Golden Citizen program was not successful in improving life satisfaction
(i.e. happiness). In fact, under some model specifications it has a negative
association with life satisfaction. However, it appears to have had a positive
impact poverty and -to a lesser degree-- healthcare access. These are examples
of the intermediate indicators that are traditionally used to evaluate public
programs. Other important process variables, such as home visits by primary
care teams, exercising or extending friendship networks bear little connection
or are completely unrelated to program participation. Therefore, though GC has

impacted some important intermediary outcomes, it did not impact happiness.

An evaluation focusing on intermediate outcomes would have deemed the program
successful. This would be in consonance with the literature discussed earlier,
which often finds that government programs affect intermediate outcomes.
However, if the program is evaluated in terms of happiness (i.e. its ultimate
outcome) then GC was not successful. Hence, the main finding of this paper is
that by only evaluating intermediate outcomes, researchers may conclude that
programs are successful though there may not be an impact on the ultimate

outcome - happiness.

The important question is therefore, how can a program improve the intermediate
indicators, while having no impact (or even a negative impact) on happiness?
This contradictory finding may be first explained by strong selection bias: GC
members could be different from non-members in unobservable characteristics
that render them less satisfied. For example, pessimistic individuals may tend
to join the program, or the program may have higher penetration in depressed
neighborhoods. However, the econometric techniques wused in this study

(particularly IV and DiD) should reasonably adjust for such biases. A second
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explanation may lie in the fact that the Golden Citizen program has its strongest
effects on income. There 1s substantial literature that people’s happiness
adapts to income over time?0,197,198,18: by acting on income, the Golden Citizen
program may initially affect happiness, but such effect would dissipate as
people adapt. Adaptation would be more likely to occur when the effects on
income are not large, as in the present case. In addition, the evidence suggests
that the GC program was more effective at keeping people out of poverty, than
in moving them out of poverty. Had the effects been larger, or had DC been
more successful in moving people out of poverty, then the effects on happiness

may have been stronger.

Another potential explanation is that the intermediate outcome measures may not
be correlated with life satisfaction. 1In such case, these dimensions would not
bridge the effect of GC on life satisfaction. However the robust bivariate
relationships between the intermediate outcomes and happiness (table 3) reject
such alternative. Another possibility 1lies on the potential existence of
negative program externalities not captured by our data. Though GC helps
alleviate poverty (and marginally healthcare access), it 1s possible that
enjoying the program benefits requires cumbersome arrangements, such as lengthy
enrollment processes or administrative challenges. Field research could shed
light on whether such implementation aspects could create an unfavorable final
balance (in terms of life satisfaction) for recipients. A final possibility
is that the relationship Dbetween the intermediate variables and 1life
satisfaction could be mediated by other factors. Indeed, researchers have found
important mediators between objective circumstances and quality of 1life (of
which happiness 1is a subcomponent), including “positive cognitive bias,
homeostasis, unrealistic optimism, positive illusions and illusion of
control”1%, TWere these strong mediators, then they could impair the effect of

the intermediate wvariables on 1life satisfaction . In this sense, 1life
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satisfaction and the intermediate outcomes would act as “separate thermometers

measuring different processes in the same body, but in related ways”199.

Can governmental policy affect people’s happiness? Setpoint theory, which
assumes that individuals have a pre-set happiness level to which they revert
inevitably, provides some guidance 22, This theory postulates that life events
(marriage, changes in income, loss of a loved one, etc.) may temporarily affect
happiness levels, but individuals will eventually revert to their fixed baseline
200, This is because happiness is mainly determined by genetics 37. If this
were true, objective conditions (that is, those external to the individual),
which are more prone to government action, would contribute little to happiness.
While this seems true for the pecuniary realm (Easterlin 2003) -individuals
tend to adapt to income—accumulating evidence supports that people do not adjust
as well to non-pecuniary dimensions(losing a loved one, becoming disabled,
etc.) 13,201 Therefore, if government programs had a stronger effect on the
latter (i.e. 1if the Golden Citizen had had stronger effects on friendship
networks), it is reasonable that they would be more likely to enhance 1life

satisfaction.

This study suffers from methodological limitations. Some important limitations
arise from our data. First, the outcome is based on a single question. Single-
item variables are known to have lower reliability and validity than multi-item
scales; however this 1s not necessarily the case in happiness 3°. In fact,
previous attempts to validate multi-item happiness scales (e.g. PGC Morale
Scale, SWLS, and PWI) have failed, and the correlates of the scale may be

confounded with the scale itself 39.

A second limitation lies in the categorical nature of the outcome. Social

desirability bias 1s common in happiness questions 126,199, Thus, bounding
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responses to four categories (i.e. very unsatisfied; somewhat unsatisfied;
somewhat satisfied; very satisfied) may result in a ceiling effect, whereby
respondents prefer to be seen as doing better than just “somewhat satisfied”.
This results also in small sample sizes for those who are less than “wery
satisfied”, which limits statistical inference. We partially overcame these
limitations by dichotomizing the outcome (very satisfied vs. < very satisfied).
In addition, ceiling effects are typical of happiness data across the world.
For example, 1in the US 80%-85% of respondents report their lives as very
satisfying or satisfying?°. In other studies, such limitations could be
partially overcome by asking respondents to rate their satisfaction numerically
(i.e. from 1-10). Reporting life satisfaction as a number is more impersonal;
this may ameliorate social desirability bias, whereby respondents may not be as
reluctant to respond lower categories. It would also broaden the repertoire of

possible responses, further alleviating the ceiling effect.

Changing interviewee moods may affect the reliability of happiness responses.
However this tends to be less of a problem with life satisfaction questions,
such as the ones used here 3°. Another limitation may lie in the exclusion of
proxy interviews. In principle, we could have imputed the happiness of proxy
respondents. First, it is risky to impute the outcome variable, even more so
when imputations—as in the current case—would affect 25% of the sample (703
respondents out of 2,827). Second, proxy respondents are substantially
different from the rest of the sample (older, suffer cognitive impairment,
disability, and others). Imputation methods, which typically assume that data
are missing at random, would provide unreliable approximations of their life
satisfaction. Therefore, the exclusion of these observations is a superior

alternative.
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A further limitation lies in the “black box” phenomenon -- our analyses cannot
quantify the causal chain between GC and life satisfaction. One example are
mediator variables. Mediators stand in the <causal chain and “affect the
direction and/or strength of the relation between an independent.. and a
dependent..variable”!13, Statistical tests are available to test for mediation;
these assume that no endogeneity is present, and are difficult to model with
non-continuous variables 202, As some intermediate outcomes are likely to be
endogenous (i.e. poverty variables), the corresponding mediation tests in Stata
11 (-sgmediation- and -binary-mediation- would yield inconsistent estimates.
Therefore, efforts concentrated on removing endogeneity, rather than
quantifying mediation. In addition, as the results for hypothesis 1 are
inconclusive, mediation testing is not crucial. Finally, CRELES does not provide
information on the intensity of program use. This precludes from establishing

a dose-response relationship.

There are also study design limitations. The first concerns the effective
removal of endogeneity. Though two important techniques were used to treat
endogeneity (IV and RDD), there is never certainty of its complete removal.

Second, the RDD analysis proceeded under acceptable, but not ideal conditions,
which may have limited its capability to identify significant effects. In RDD,
concerns may be raised about the fact that there are other discontinuities in
the outcome at ages 62 and 76. Although these discontinuities are not as large
at age 65 (the RDD cutoff), their presence violates one RDD assumptions 8. On
the other hand, the RDD model displays some strengths. There is an exogenous
cutoff for program enrollment (i.e. 65 years old), and a reasonable amount of
observations exists below and after the cutoff. Indeed, 390 observations are
within 2 years of the 65 age cutoff. Further, as explained in table 2, the GC
and non-GC groups are quite similar at baseline; our analyses compare groups

that are relatively similar. Further, the results were consistent across
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bandwidths. Therefore, though still imperfect, we believe that our RDD models

are reasonably valid.

The previous limitations do not warrant overlooking the study’s strengths.
First, this 1is one of the first program evaluations to use happiness as an
outcome. Second, we were able to find a strong and valid instrument for our IV
analyses. Third, the wide variety of analyses (DiD, LDVM, change-scores)
fortify the study’s findings. Key amongst these is DiD, which cancels out time-
invariant unobservable factors. Fourth, the use of a large survey permits
overcoming previous sample size concerns, which had pervaded happiness

literature of elderly populations.

Finally, this experience points to crucial areas for future evaluations. First,
researchers should use whenever possible a continuous measure of happiness.
This should alleviate sample size concerns, and partially mitigate the ceiling
effects in life satisfaction. Second, respondents should be asked to rate their
happiness both globally and across domains (i.e. how satisfied they are with
their family life, their job, and so on). This is because there are indications
that overall happiness does not necessarily equal the sum of its components !.
Third, researchers should use validated happiness scales. Some scales are
available, such as the Subjective Happiness Scale?%3, the Satisfaction with Life
Scale?4, and the Positive and Negative Affect Scale?05, Fourth, it is essential
to obtain detailed program exposure information, including frequency and
intensity of use. Such information would permit determining dose-response
relationships, a key aspect of causality. Fifth, mixed-method designs can
strengthen significantly the interpretability of the findings. By including
qualitative research, such designs can shed light on aspects that are sometimes
difficult to quantify, such as the extent of program implementation, and the

quality of the intervention.
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Conclusion

There are sound reasons for using happiness as an evaluation criterion. First,
the happiness phenomenon has occupied classical and liberal thinking, from
Aristotle to Jeremy Bentham 2. 1Indeed, it has been claimed that happiness is
“the one thing that everybody wants from 1life”?2. Second, though happiness may
not be the ultimate life goal for all (see 122); even skeptics assume it as a
key ingredient of alternative constructs, such as the good 1ife?0¢ in 207, p.3.
Third, governments in different continents (France, United Kingdom, Bhutan) are
increasingly using happiness as a policy outcome. Fourth, including happiness
in program evaluations can help elucidate whether government policy can
influence people’s happiness. By doing so, policy-makers can understand which
policy instruments impact what truly matters to people, and channel investments
more efficiently. By doing so, happiness could realign policy-making in
profound ways. This would entail shifting the emphasis away from GDP growth,
which does not necessarily improve 1life satisfaction, and levies heavy

environmental costs. Such ideas were summarized eloquently by Robert Kennedy?08,

“Our gross national product ... counts air pollution and cigarette advertising, and
ambulances to clear our highways of carnage. It counts special locks for our doors and
the jails for those who break them. It counts the destruction of our redwoods and the
loss of our natural wonder in chaotic sprawl.

Yet the gross national product does not allow for the health of our children, the
quality of their education, or the joy of their play. It does not include the beauty
of our poetry or the strength of our marriages,; the intelligence of our public debate
or the integrity of our public officials. It measures neither our wit nor our courage;
neither our wisdom nor our learning,; neither our compassion nor our devotion to our
country,; it measures everything, in short, except that which makes life worthwhile”.
In addition, happiness could become the common metric to evaluate disparate
government programs. It 1s currently difficult to compare competing public

programs, as they use sector-specific intermediate outcomes. How to decide if

a five point reduction in myocardial infarctions is preferable to attaining a
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% improvement in math scores? The intermediate outcomes of such interventions
are not comparable; it is therefore impossible to decide which one is preferable
based solely on intermediate outcomes. By using a common underlying construct,
these programs can be compared head-to-head, and resources can be allocated to

where they matter the most.

Promoting happiness (through program evaluations and other measures) could
generate positive downstream externalities. For example, increased happiness
can harness social capital 299, which can revert favorably on happiness itself
177, Monitoring happiness at the societal level can also reveal important
information to the policy maker, such as social dysfunction and depression 209,
and help identify those groups most likely to benefit from public policy. Using
17 years of data, Frank Fujita and Ed Diener found that up to a quarter of the
population can change their happiness levels over time?10, Identifying these

individuals may prove crucial to sound happiness policy.

There are signs that the “happiness culture” is taking root amongst high-level
academics and policy-makers. Last year the Earth Institute published the first
World Happiness Report?’; in a similar note, the Legatum Institute has developed
a prosperity index to compare countries. This index is based on national income
and life satisfaction 2. Through such initiatives, research could contribute
to happier societies, and higher wvalue-added government investments. The
insights from this experience, and many others to follow, may eventually

contribute to sound happiness policy.
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Tables

Table 1: Population Characteristics, by CRELES Round

Period 1 Period 2 Change P-

(n=2,011) (n=1,684) value
Very satisfied (%) 74.9 78.2 3.3 0.041
Life satisfaction score 3.7 3.7 0.0 0.050
Age (years) 69.3 70.4 1.1 0.000
Sex (% female) 51.8 52.5 0.7 0.934
Education (nr. years) 5.5 N/A N/A N/A
In a relationship (% married or 63.4 62.1 -1.3 0.472
cohabiting)
Religious frequency (% go to church >=1 53.3 55.4 2.1 0.271
time/weekly)
Intense contact with children (% sees 78.7 80.4 1.7 0.284
children >=1 time/weekly)
Exercises (% exercises >=3 times/week) 34.8 33.4 -1.4 0.449
Income (log thousands colones, nominal) 4.4 4.6 0.2 0.002
Poverty (% below poverty line) 13.8 12.6 -1.3 0.294
Assets 13.9 14.3 0.4 0.112
Locus of control score N/A N/A N/A
Depression (% depressed) 5.6 -0.4 0.675
Household composition (nr of people in 3.2 -0.2 0.010
household)
Urban residence (% urban) 63.6 62.9 -0.7 0.694

* Education and Locus of Control were only asked in period 1
* Analyses take sampling weights into account
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Table 2: Differences in Life Satisfaction Predictors,

Members vs. Non-Members

Golden Citizen

CRELES, round 1

GC non-GC (n=683) Difference P-
(n=1,427) value
Very satisfied (%) 74.5 75.1 -0.6 0.311
Age (years) 73.2 67.8 5.4 0.000
Sex (% female) 49.6 52.5 -2.9 0.280
Civil status
In a relationship (%) 56.6 65.6 -8.9 0.000
widow (%) 31.8 20.2 11.5 0.000
Single (%) .3 -0. 0.613
Divorced (%) 5.0 0.2 0.884
1
Years of education 5.6 5.5 0.1 0.784
Pensioned (%) 68.3 44 .4 23.8 0.000
Health status
>=3 chronic diseases (%) 30.5 27.3 3.2 0.179
Disabled functionally (%) 13.7 9.0 0.003
Urban residence (%) 67.9 62.1 5. 0.020
Depressed (+10 YGDS scale; 4.7 6.4 -1.7 0.155
3)
Goes to church > 1 week (%) 53.0 53.3 -0.3 0.901
Sees children regularly (%) 80.3 78.7 1.6 0.463
Number of household members 3.2 3.4 -0.2 0.015
(count)
Personality
Locus of control (score) 3.2 3.1 0.1 0.423

* Analyses take sampling weights into account
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Table 3: Differences in Intermediate outcomes, Golden Citizen Members

vs. Non-Members, Round 1

GC (n=1,427) Non-GC (n=683) Differenc p-value
e

Waits < 30 min at doctor's office (%) 48.3 43.4 4.9 0.065
Visited by EBAIS team in last 6 months (%) 44.2 40.4 3.8 0.149
Average income (thousand colones) 138.2 130.2 8.1 0.659
Below poverty line (%) 12.2 14.4 -2.2 0.203
Below extreme poverty line (%) 3.7 6.7 -3.0 0.007
Assets (points) 14.2 13.8 0.4 0.248
Exercising

Exercises >=3 times a week (%) 28.6 37.0 -8.3 0.001

Nr. weekly hours of exercise (count) 2.5 3.7 -1.2 0.013
Social networks

Nr of friends (count) 3.7 3.7 -0.0 0.796

Has at least 1 friend (%) 97.6 97.1 0.5 0.571

Talks to friends at least once per 95.0 84.8 10.2 0.940
week (%)

* Analyses take sampling weights into account
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Table 4: Associations between Life Satisfaction and Intermediate
Outcomes, Round 1

Very < Very Difference P-
satisfied satisfied value
Healthcare access
Waits < 30 min at doctor's 46.7 38.3 8.4 0.005
office
Was visited by EBAIS team in 42 .4 38.3 4.1 0.163
last 6 months (%)
Income
Average income (thousand 150.0 78.5 71.5 0.000
colones)
Below poverty line (%) 11.4 21.0 -9.5 0.002
Below extreme poverty line (%) 4.3 10.8 -6.5 0.000
Assets (points) 14.4 12.2 2.2 0.000
Exercising
Exercises >=3 times a week (%) 36.9 28.8 8.0 0.006
Nr. weekly hours of exercise 3.5 3.2 0.3 0.665
(count)
Social networks
Nr of friends (count) 3.8 3.5 0.3 0.000
Has at least 1 friend (%) 97.7 94.9 2.8 0.007
Talks to friends at least once 85.8 80.7 5.1 0.037

per week (%)

Analyses take sampling weights into account

EBAIS are the primary care centers of the public Costa Rican health service
Social relationship variables only available at wave 2

Sample restricted to respondents with information in both waves

Table 5: Propensity Scores - Mean Overall Standardized Bias

Mean standardized

bias
Propensity scores Raw Matched
Simple model, round 1 7.1 0.2
Simple model, round 2 17.5 4.8

* Simple model propensity scores
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Table 6: Changes in Golden Citizen Membership, Rounds 1 and 2

Membership
status
Period 1 Period 2 %
Not enrolled Not 51.0%
enrolled
Enrolled Not 6.0%
enrolled
Not enrolled Enrolled 26.0%
Enrolled Enrolled 17.1%

* Analyses take sampling weights into account
* A chi-2 test of proportions was significant (p<0.001)
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Table 7: Multivariate Estimations of the Relationship between Golden

Citizen Status and Life Satisfaction

X=(Golden
Citizen)
Marginal Standard
coefficient Error
Main analyses
Instrumental variables (IV)
Probit (Very satisfied) -4.2% 0.008**
Regression Discontinuity Design (RDD)
Primary analysis
Y= Probit( Very satisfied | cond prob =-7.7% 0.228
GC=0.1), bandwith 1.7
Y= Probit( Very satisfied | cond prob -7.9% 0.229
GC=0.1), bandwith 0.85
Y= Probit( Very satisfied | cond prob -2.8% 0.304
GC=0.1), bandwith 3.4
Alternative bandwidths in RDD
Y= Probit( Very satisfied | cond prob -20.0% 0.594
GC=0.3)
Y= Probit( Very satisfied | cond prob -77.4% 2.925
GC=0.5)
Y= Probit( Very satisfied | cond prob 12.0% 0.350
GC=0.9)
Sensitivity analyses
Difference in differences (DiD)
Unadjusted
Very satisfied -2.5% 0.033
Propensity-score adjusted (short form)
Very satisfied 0.4% 0.038
Lagged Dependent Variable Model (LDVM; Y2 on X2
and Y1)
Unadjusted
Very satisfied -5.4% L.023%~%
Propensity-score adjusted (short form)
Very satisfied 1.1% 0.024

Change-scores (AY on X1; 4 categories)

118



Unadjusted
Persistent dissatisfaction 6.1% 0.015**
Satisfaction decrease 0.4% 0.015
Satisfaction increase 5.2% 0.015%%*
Persistent satisfaction -11.6% 0.023***

Propensity-score adjusted (short form)

Persistent dissatisfaction 5.2% 0.016*%*

Satisfaction decrease -0.3% 0.016

Satisfaction increase 6.6% 0.017***
-11.5% 0.024***

Persistent satisfaction

* In change-scores models, the outcome is modeled as follows: persistent
dissatisfaction (< very satisfied at both time points); satisfaction decrease (very
satisfied - < very satisfied),; satisfaction increase (<very satisfied - very

satisfied),; persistent satisfaction (very satisfied at both timepoints).

* Propensity scores: 1:1 PSM for LDVM and change-scores; weights by odds for DID

analysis
* Standard error legends: * 1if < 0.1; ** 1if <0.05; *** if < 0.001
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Table 8: Multivariate Estimations of the Relationship between Golden

Citizen Membership and Intermediate Outcomes

X=Golden Citizen

Marginal Standard
coefficient Error
Instrumental variables (IV)
Healthcare access
< 30 min wait at doctor office 2.1% 0.005**
>1 EBAIS visit in last 6 months 1.9% 0.026
Log income -3.5% 0.195
Poverty
Poor -8.3% .032*x*
Extremely poor -5.6% L027%%*
Exercise
Exercises >=3 times a week (%) 1.2% 0.008
Social networks
Nr of friends (count) -0.15 0.185
Has at least 1 friend (%) -2.7% 0.042
Talks to friends at least once per week 3.9% 0.008**
(%)
Regression Discontinuity (RDD)
Y=Probit (Channel)
Healthcare access
< 30 min wait at doctor office 39.9% 0.350
>1 EBAIS visit in last 6 months -22.6% 0.331
Poverty
Poor -13.7% 0.284
Extremely poor -5.8% 0.159
Exercise
Exercises >=3 times a week (%) -17.0% 0.368
Social networks
Nr of friends (count) 0.6 0.012
Has at least 1 friend (%) -2.9% 0.064
Talks to friends at least once per week 1.3% 0.029
(%)
Difference in differences
< 30 min wait at doctor office 0.7% 0.037
>1 EBAIS visit in last 6 months -2.5% 0.036
Log Income 0.3 0.087*x*
Poor -6.1% 0.030*%*
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Extremely poor -5.3% 0.022*%
Lagged Dependent Variable Model (LDVM; Y2 on X2 and Y1)
< 30 min wait at doctor office -2.4% 0.028
>1 EBAIS visit in last 6 months 1.8% 0.028
Poor -5.8% .017 *~*
Extremely poor -2.2% 0.001*x*
Exercise 6.0% 0.026 **
Social networks
Nr of friends (count) 1.4% 0.008 *
Has at least 1 friend (%) 2.6% 0.021
Talks to friends at least once per week 3.6% 0.042
(%)
Change-scores (Y2-Y1 on X1)
< 30 min wait at doctor office
No-No -4.9% 0.024*x*
Yes-No -0.2% 0.001
No-Yes 1.2% 0.006%**
Yes-Yes 3.9% 0.019*%*
>1 EBAIS visit in last 6 months
No-No 1.7% 0.025
Yes-No 0.0% 0.000
No-Yes -0.3% 0.004
Yes-Yes -1.5% 0.021
Poor
No-No 7.0% 0.022 *x*
Yes-No -1.8% 0.006%**
No-Yes -1.9% 0.006**
Yes-Yes -3.4% 0.011*x*
Extremely poor
No-No 7.2% 0.018**x*
Yes-No -3.3% 0.009***
No-Yes -2.3% 0.007**x*
Yes-Yes -1.6% 0.005**
Exercise
No-No 1.2% 0.025
Yes-No -0.2% 0.003
No-Yes -0.3% 0.006
Yes-Yes -0.7% 0.015
Social networks
Nr of friends (count) 0.0 0.042
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Has at least 1 friend (%) 1.5% 0.009 *

Talks to friends at least once per week 2.80% 0.021
(%)

* Standard error legends: * if < 0.1; ** if <0.05; *** if < 0.001
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Graphs

Graph 1: Propensity score balance, by treatment group
CRELES wave 1 - simple model
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Graph 2: Propensity score balance, by treatment group
CRELES Wave 2 - Simple model
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Graph 3: GC enroliment by age
CRELES, waves 1 and 2
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Graph 4: Probability of happiness, by age
CRELES, waves 1 and 2
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5. CONCLUSION

This thesis explores whether health policy can influence happiness. An
understanding of this relationship sheds light on whether governments can

promote happiness.

These questions are relevant to policy makers and researchers. As
discussed in the introduction, both national governments (France, United
Kingdom, and others) and international organizations (European Union,
OECD) have adopted happiness as an explicit policy goal, and are
collecting data to measure its achievement. This signals a paradigm
shift, which recognizes that government policy must improve the whole
human experience. In the same tune, researchers are shedding light on

the components of the happiness construct, its measurements, and etiology.

All these developments are laying the foundations for a new happiness
policy?08, However, gaps have persisted. It has been unclear which
health dimensions are most important to happiness; the effect of childhood
health on adult happiness has been seldom evaluated; perhaps more
importantly, happiness has been seldom used as an evaluation yardstick.
This doctoral thesis aimed to close these gaps by considering the

following questions:

e TIs it subjective or objective health that affects happiness?

e TIs childhood health related with happiness in late life?

e Has a government program (Golden Citizen) affected happiness and
its intermediate outcomes (healthcare access, poverty status,
exercising, and social relationships)?
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The conclusion chapter summarizes the empirical findings, discusses the
research and policy implications, and summarizes the lessons learned in

this effort.

Discussion of the empirical evidence
The main findings of this thesis are:

e Subjective health in more important than objective health in
determining happiness;
e Childhood adversity may influence happiness throughout the 1life
course;
e Governmental interventions that improve objective conditions may
not impact happiness.
The common lesson 1s that impacting objective conditions does not
necessarily affect happiness. Therefore, it is possible that many public

policies and programs, which focus on improving objective circumstances,

will not necessarily improve happiness.

The first article shows that objective measures of health may not
influence happiness. Policy-makers need therefore a better understanding
of which specific components of subjective health are related to
happiness. Depression treatment and pain management are potential venues.
Anxiety and other dimensions of mental health not addressed in this study
could be also acted upon in order to affect happiness. The second essay
underlines that childhood health appears to influence happiness --- but

mainly in 1its subjective version (i.e. having experienced bad health

during the first 15 years of 1life). In fact, in line with previous
research®, most objective measures of childhood health (specific
conditions) showed no significant relationship with happiness. In the

same vein, it becomes necessary to understand which subjective components

of childhood health are related to happiness, and how to influence them.
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This study was able to assess only an overall self-reported measure; it
would be important to assess other measures (pain, depression, etc. during
childhood) and their determinants. Through these, policy-makers may be
able to affect the wellbeing of individuals throughout the lifecourse.
The last article shows that well-intentioned programs for the elderly,
which improve objective conditions such as poverty, may not necessarily
succeed 1in improving happiness. Therefore, impacting intermediate
outcomes does not equate impacting wellbeing. If programs are assumed to
affect happiness, then they must be also evaluated in terms of happiness.
That way, policy-makers could design programs that impact their intended

bottom line.

Taken together, these findings suggest a potential (or partial) disconnect
between objective life circumstances and happiness. This may occur
because individuals adapt; because subjective assessments predominate
over objective 1life conditions; or Dbecause the interventions that
ameliorate objective conditions also carry negative consequences that
outweigh their benefits. On the adaptation front, it is important to
acknowledge the elderly nature of our sample. Many interviewees may have
been suffering adverse health for a while; since times of diagnosis are
not available, they may have adapted to their conditions by the time of
the survey interview. This 1is even more 1likely with conditions that
happened far back in childhood. There is also no information on when
individuals receive the Golden Citizen interventions; therefore, they may
have also adapted by the time of their interview. The overriding
importance of subjective predictors calls for a finer understanding of
the happiness determinants. For example, the main adult health predictors
of happiness in this study were all subjective (self-reported overall

health; depression; pain). If health policy is to truly affect happiness,
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these “soft” (subjective) targets are more important than the “hard”
(objective: blood pressure, etc.) health targets. A similar discourse
applies to childhood health determinants of happiness, which in this
thesis also turn out to be subjective. Finally, it is possible for the
negative costs of interventions to outweigh their benefits. For example,
the improved health outcomes of disease control programs may positively
impact happiness; yet, their component activities could entail personal
costs (constant visit to the hospital, financial worries, etc.) that are
detrimental to these gains. Similarly, Golden Citizen program may levy
some personal costs (enrollment complicacies, bureaucratic complexities,

and so on) with adverse effects on life satisfaction.

This is not to say that such interventions do not have wvalue -indeed,
public interventions often do impact their intermediate outcomes. But in
order to impact happiness, these programs may need to redirect their
goals, or include new components explicitly targeted at improving
happiness. These are likely to be of “soft” (subjective) nature. For
example, since—as found in this study-mental health conditions have a
principal effect on happiness, they should get more attention from health
policy. For childhood health policy to truly affect happiness, policy-
makers need to act upon the dimensions of childhood subjective health
that affect happiness. In the Golden Citizen program, it is possible that
improving poverty is a necessary but insufficient condition to improve
the happiness. If improving happiness is indeed a program goal, policy-
makers could consider fortifying it with additional components, such as
those of non-pecuniary nature, which seem to have long lasting effects on
happiness34/153, For example, it could be thought that the social component

of Golden Citizen could bring substantial benefits in terms of happiness.
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Strengths and limitations

The previous statements are qualified some study limitations. These are
mentioned in the individual chapters; we discuss here only those that are
common to all three articles. The first limitation lies in the 1life
satisfaction question in our survey. Responses were coded as categorical
(four levels); as discussed previously, constraining responses to four
levels, and the wording of the questions may have compelled participants
to overstate their happiness. A continuous, numeric form would have
given more response options, and de-personalize the answers , thereby
reducing response biases (i.e. responding to feeling a happiness of 7 in
a sale of 1-10 can be less negatively viewed than “somewhat happy”). In
such case, the outcome would exhibit a milder ceiling effect and higher
variability, both of which improve statistical inference. Another
limitation lies in the fact that our survey is limited to the elderly.
Consequently, findings can be only generalized to this segment of the
population. However, as mentioned throughout the article, the senior
population of Costa Rica (and indeed all of Latin America) is projected
to grow rapidly. Research on the wellbeing of seniors is important at
this inflection stage. Another criticism could be that CRELES contains
limited information on previous life stages. It is possible that life
satisfaction in seniors is product of continued exposure to health and
other factors; yet, many of these (particularly those fixed over time)
have been adjusted for through econometric techniques (IV, RDD, DiD,
LDVM and change-scores). Finally, the survey did not contain many
variables that could have been used as instruments. We found an
instrument only for our third article (evaluation of the Golden Citizen
program); this methodological weakness was partially overcome through a

wide variety of sensitivity analyses.
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Implications for research

Happiness research is expanding rapidly. However, the study of happiness
is still new in public health. This stands spite the fact that happiness
is integral to health: health is a state of complete wellbeing3®, of which
happiness is a necessary component®o, The literature review revealed a
few studies that explored the effect of health interventions on happiness
212, however these have been seldom carried out by public health
researchers. Given the inter-disciplinarity of public health, and that
happiness is a complex phenomenon that requires analysis from competing
perspectives, public health researchers are uniquely suited for happiness

research.

A few areas stand out for future research. First, a deeper understanding
of the relationships between mental health and happiness is to be gained.
Other than depression, this study was not able to assess the mental health
conditions that affect happiness. We were also not able to assess whether
the length of disease or disease intensity are associated with happiness;
this may be particularly important for chronic diseases. Second, it is
important to gain a better understanding of how childhood subjective
health status (mental health, pain and others) could affect happiness.
Third, 1lifecourse studies are critical to establish the influence of
childhood health on happiness. Such studies could help understand
whether the effect of childhood health on happiness varies across timel?4>,
and whether childhood health (in combination with genetics) could
contribute to establishing a happiness setpoint early in life. Third,
program evaluations should use happiness as a standard outcome. These
should use econometric techniques (such as IV, RDD and DiD) to remove
endogeneity. Fourth, the role of adaptation warrants further research.
Adaptation implies that individuals revert to their fixed happiness
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setpoint after major life changes. There is evidence that the happiness
of individuals adapts to some circumstances, but not to othersl!®. A few
studies have studied adaptation to certain health conditions?®117; however
it is still unclear which health dimensions and interventions have long
lasting effects on happiness. Such research could shed light on important
policy questions such as whether people adapt to some health conditions
and not others; the length and quality of adaptation; whether adaptation
is related to disease severity, and which interventions may favor—or
preclude—adaptation. Understanding these relationships is critical to
attaining health interventions with the highest potential on wellbeing.
Fifth, the interactions of health with other life dimensions (poverty,
social relationships, and others) are not known. While it is possible
that a specific intervention (i.e. healthcare access) per se may not
impact happiness, its interaction with another dimension (i.e. poverty)
may result in improved wellbeing. These interactions have been seldom

discussed, and should become part of future endeavors.

Finally, sound happiness research hinges on the development of a wvalid,
reliable happiness scale. Currently no such scale exists; this may be
therefore be the most important milestone in happiness research in the
short term. A prerequisite for this is the attainment of a consensus on
the happiness concept. Such situation is not uncommon; depression was
also initially a blurry construct, which became clearer over time?!3. A
standard measure would integrate the competing happiness concepts
(positive affect, life satisfaction, and so on) into a single measure.
Ideally, such metric would have international validity. This would allow
inter-country comparisons, which is currently a challenge in happiness

research!?¢, The efforts to this end by the National Science Foundation
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10 will establish happiness research as an important area of inter-

disciplinary activity.

Implications for policy

The current effort suggests also some policy implications. First, as
mentioned at the beginning of this chapter, it is possible for programs
to affect intermediate outcomes but not on happiness. If happiness is
indeed a program goal, policies must be also evaluated in terms of
happiness. The development of a happiness scale would be fundamental to
this end. This way, policy-makers could gain a better understanding on
which interventions contribute to happiness. Most importantly, a standard
happiness metric would allow the head-to-head comparison of from different
sectors with a wvalid, single measure. This would be a key benefit to
policy-makers, who are currently unable to compare interventions from
different sectors. The existence of a validated happiness metric would
boost its wvalidity as an overt policy goal, which could facilitate the
integration of wvarious public sectors (health, education, etc.). Such
integration would help overcoming inter-departmental silos, which are
currently pervasive in public administrations. Measuring and using
happiness in policy can also suggest implementation difficulties or areas
for improvement. For example, if a program has a positive impact on an
intermediate variable but not on happiness, then unintended effects (i.e.
negative externalities) may be present. In line with earlier examples, a
program may enhance friendship networks, but to the expense of family
relationships. Such a situation could raise a red flag for the policy-

maker.
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Although this doctoral thesis has emphasized the importance of happiness
as a policy goal, it 1is worth noting the risks of an overemphasis on
happiness. Self-development, Jjustice and freedom of choice are also
fundamental to the human experience?!4. It has been found that individuals
are willing to sacrifice their happiness at the behest of high ideals,
such as altruism and fairness 36. Hence, happiness may be a necessary,
but insufficient indicator of progress. This 1is the underlying
philosophy of the newly developed prosperity indicators of the OECD’s
Better Life Index?!5, Thailand’s Green and Happiness Index, and the Gross
National Happiness Index of Bhutan (both at?!®). These composite
indicators emphasize other life dimensions as well, such as education,
income, safety, civil engagement, ecological quality, Jjustice, and good
governance. The use of such indices can result in integrated public

policies that impact human experience as whole.

Conclusion

Public programs assume that they will increase happiness by improving
objective life dimensions. However, this thesis has shown that an
exclusive focus on these indicators may not necessarily improve happiness.
For policies and programs to be truly effective to this end, they must
gain a better understanding of the happiness determinants; public programs
must be evaluated in terms of happiness (in addition to intermediate
outcomes), and the prosperity of countries should be Dbased on
comprehensive indicators that include happiness, wealth, and other
important life dimensions. Through these actions, governments can
realign their policies to impact their ultimate goal —-the pursuit of human

happiness.
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