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1 Introduction

There is enormous interest in the social sciences in studying the interrelationships between
psychological well-being (i.e., satisfaction, happiness) and socioeconomic outcomes.
Initiatives, the most influential one being the Commission sur la Mesure de la Performance
Economique et du Progrés Social, even argue in favor of complementing standard sets of
economic-performance indicators (GDP, growth and interest rates, etc.) with aggregate well-
being statistics (Stiglitz et al. 2009 and 2010). Indeed, since 1972, Bhutan is measuring “gross
national happiness,” with several other countries (e.g., Thailand, Australia, China, France and
the United Kingdom) developing comparable indices. The Satisfaction with Life Index (White,
2007) is an attempt to provide aggregate happiness statistics for different nations.

Well-being is a latent variable, impossible to observe directly. On top of that, it does not
have a natural quantitative unit, like meters, to measure it. Hence, questionnaires ask
people to grade their well-being in different life domains. All over the world, the same type
of question is used: “All in all, how satisfied are you with your life (income / health, etc.) at
the moment?” Usually, responses are provided on 4 to 11-point scales.! In empirical
analyses, the scale values are aggregated by countries or societal subgroups for well-being
rankings, or serve as dependent and independent variables in regressions. The most
common practice—that of comparing well-being by means of descriptive analysis or linear
regression models—ignores that the obtained information on well-being is ordinal and relies
on methods appropriate for quantitative variables. This usage is justified in the literature,
with explanations such as, “most subjective well-being measures are technically ordinal, but
the evidence suggests that treating them as cardinal does not generally bias the results
obtained (Ferrer-i-Carbonell and Frijters, 2004)” (OECD 2013, p. 174). However, the
underlying paper merely states, “we find that assuming ordinality or cardinality of happiness
scores makes little difference, whilst allowing for fixed-effects does change results
substantially” (Ferrer-i-Carbonell and Frijters, 2004, p. 641).

The aforementioned statements rely on comparisons of regression estimates from models,
such as OLS, fixed and random effects, that interpret satisfaction scores as cardinal with
models, such as ordered logit and probit, that interpret scores as ordinal. For example
Ferrer-i-Carbonell and Frijters (2004), hereafter FCF (2004), use responses to the German
Socio-economic Panel’s question on general life satisfaction, measured on a 11-point scale,
and use it as dependent variable in regression models that impose a cardinal or ordinal level
of measurement.

In treating the answers of the respondents two major questions arise: (a) whether all
respondents interpret the questions in the same way and provide credible information;? and
(b) the distance that investigators attribute to the different categories. In this paper, we
assume that all respondents interpret the categories in the same way and concentrate on
the implication of (b), the effect of quantification of the categories by the investigator.
Specifically, we will derive the conditions under which the use of cardinal method to an
ordinal variable gives an illusionary sense of a robust result, while in fact one can reverse the
conclusion reached by using an alternative cardinal assumption. In other words, we

! For interdisciplinary conventions to operationalization of well-being see Diener (2006).

> Oswald and Wu (2010) scrutinize the meaningfulness of individuals’ subjective well-being
assessments with an objective measure: spatial compensating differentials, and find a strong state-by-
state match between subjective and objective well-being.



complement the previous research by deriving the conditions that allow answers to the
following type of question: Suppose an eleven-point satisfaction scale 1, 2, ..., 11 is used as
dependent variable in OLS and ordered logit regressions. According to both models money
makes people happier. Is there a monotonic increasing transformation of the satisfaction
scale such that OLS and ordered logit yield contradictory conclusions? Hence, our conditions
are a tool for applied researchers to check if a monotonic transformation of the ordinal
variable used reverses the conclusions.

Our conditions are not only relevant in the area of happiness and well-being. Another
important application is the measurement of educational achievements and evaluation of
education programs with test scores from exams, as collected and compiled by the
Programme for International Student Assessment (PISA) of the OECD.

The structure of the paper is as follows. Section 2 provides a literature review focusing on
the techniques of analysis used in previous analyses. In Section 3, we present the conditions
under which it is possible to reverse the rankings of means of satisfaction among groups and
the signs OLS regression coefficients. In Section 4, we provide empirical evidence that one
can reverse both rankings and regression coefficients. Section 5 concludes.

2 Literature Review

An increasing number of publications address the interrelationships between well-being
variables (happiness, standard of living, satisfaction) and socio-economic, health and related
outcomes. The total number of published articles listed by IDEAS RePec containing
synonyms of “happiness” in the abstract adds up to more than 3,700. Almost 1,000 have
been published since 2004, with the number of annual publications increasing to about 200
in 2013 and 2014. Econometric techniques employed to study the interrelations are
heterogeneous, encompassing descriptive comparisons of means and medians, as well as
various kinds of regression models.

This literature review focuses on the techniques of analysis used in earlier literature. Table
Al in Appendix Al provides more detailed information on the methods used. More general
literature reviews can be found in Frey and Stutzer (2002), Lyubormirsky et al. (2005), Dolan
et al. (2008), and Weimann, Knabe and Schéb (2015). See also Kahneman and Krueger
(2006), Clark et al. (2008), Powdthavee (2010) and OECD (2013)

A significant number of papers in interdisciplinary journals treat well-being data from
surveys as cardinal and make use of OLS regressions and comparisons of average happiness
levels. For example, when revisiting the Easterlin paradox (1974), Easterlin et al. (2010)
employ OLS regressions to study the dependence of happiness on GDP, showing “that the
long term nil relationship between [average] happiness and income holds also for a number
of developing countries, the eastern European countries transitioning from socialism to
capitalism, and an even wider sample of developed countries than previously studied” [p.
22463] and that “that in the short-term in all three groups of countries, happiness and
income go together” [p. 22463]. In a later paper Easterlin et al. (2012) compare averages of
different life satisfaction measures to show that “China has followed the life satisfaction
trajectory of the central and eastern European transition countries— a U-shaped swing and
a nil or declining trend” [p. 9775]. De Neve and Oswald (2012) employ linear regression



techniques to study if adolescents and young adults who report higher life satisfaction grow
up to earn significantly higher levels of income later in life.

The use of cardinal techniques for an ordinal variable is not restricted to interdisciplinary or
psychological journals, as can be found in economic journals such as the American Economic
Review, Economic Journal, or Journal of Public Economics.

Dynan and Ravina (2007), for example, use OLS regressions to study how peoples’ happiness
depends on their relative income position within their geographic area. Hetschko et al.
(2014) apply linear regression models to study the impact of the transition from
unemployment to retirement on life satisfaction (after conditioning on different sets of
explanatory variables). They also compare average life-satisfaction levels of unemployed at
different stages around retirement to support their findings. In the same line, Ifcher and
Zarghamee (2011) investigate if happiness matters for time preferences by using happiness
as one of the controls in an OLS regression framework.

There is, of course, also a large literature that considers the ordinal nature of well-being
measures by using regression techniques like ordered logit or probit. One of these studies is
Blanchflower and Oswald (2004) in the Journal of Public Economics. They support Easterlin’s
hypothesis by showing that overall reported levels of well-being in the US have declined and
life satisfaction has remained flat in Britain. As their empirical basis is cross-sectional, they
cannot control for person fixed or random effects. A much-cited study on the
macroeconomics of happiness is Di Tella and MacCulloch (2003) in the Review of Economics
and Statistics, showing that movements in reported well-being are correlated with changes
in macroeconomic variables such as gross domestic product, by using ordered probit and
country fixed effects. Another much-cited study by Alesina et al. (2004) finds that individuals
have a lower tendency to report themselves happy when inequality is high using ordered
logit regressions. FCF (2004) and several follow-up studies use fixed effects ordered models
to investigate the determinants of life satisfaction. Specifically, they use person-specific
threshold values, which allows controlling for the fact that some people tend to choose
among higher values on the happiness scale than others.

Our main point in this paper is that treating ordinal variable by methods that are intended to
be used for cardinal methods, may give a false impression of a robust result, while at the
same time there is another legitimate transformation of the ordinal variable into a cardinal
one that may reverse the conclusion reached.

3 The Theory

If a variable is ordinal, it implies that it obeys the rules of stochastic dominance (Levy, 2006).
This means that it yields a unique and robust ranking of one distribution over another if and
only if the ranking is not affected for all monotonic increasing transformations applied to the
ordinal variable. Here it is worth to distinguish between first and second degrees of
dominance.

Let us denote the well-being variable by h. Assume that we interested to rank average
degree of well-being between two groups, call them b (boys) and g (girls).



First order stochastic dominance (FSD): E,{h} > E, {h} for all h, with h’>0 if and only if the
cumulative distribution of b is below or equal the cumulative distribution of g and it is
strictly below for at least one observation. If, on the other hand, the cumulative distributions
intersect, then it is possible to find two scales of h that will reverse the ordering.

This is shown below:

Let h(s), f(s) represent well-being and its density function among a given sub-population i.
Well-being, s, is continuous but is not observed. Expected well-being is:

(1) E(h) = [} h(s) f(s)ds

Integrating equation (1) by parts, with h(s) = u(s),u’(s) = h'(s),v'(s) = f(s),v(s) =
—[1 — F(s)], where F(s) is the cumulative density function (CDF), we get:

() E(R) = ~{h()[1 = FOB + [ (W' ()1 = F(s)]ds.

The left term on the right-hand side is equal to h(0) , so it can be ignored when comparing
expected well-being in two groups. Therefore, the only term remaining relevant is the right-
hand term.

Consider a comparison between groups b and g. Expected well-being depends on whether
the CDFs intersect, because h(s) is an arbitrary function determined by the scales used by
the investigator. Therefore:

(3) Ey(h) — Eg(h) = [J” B/ ()[Fy(s) — Fy(s)]ds.

Since h'(s) is non-negative and arbitrary, it implies that if the CDFs intersect there is an
alternative well-being function that can change the ranking of expected well-being of the
two groups in descriptive and regression analysis.

Ranking groups by average scores is performed by the OECD using PISA exams, which will
not be discussed in detail in this paper. In the following we focus on the treatment of ordinal
variables as cardinal in a regression context. In this respect, second order stochastic
dominance is relevant:

Second order stochastic dominance (SSD): E,{h} = E, {h}forall h, with i’ > 0, " < 0
if and only if the absolute Lorenz curve of b is not lower than the absolute Lorenz curve of g,
and at least for one observation it is strictly above. If, on the other hand, the absolute Lorenz
curves of the two groups intersect, then there exist two scales of h that lead to inverse
rankings of the two groups. (Atkinson, (1970), proved it for equal-mean distributions;
Shorrocks, (1984) extended it to all kinds of distributions).

A slightly different version of the above proposition that deals with the possibility of
reversing the sign of a regression coefficient is developed in Yitzhaki and Schechtman (2012,
2013). The proposition relies on an application of concentration curves in the context of
regressions, implying the existence of a Line of independence Minus Absolute concentration
curve (LMA):?

A proof can be found in both Yitzhaki and Schechtman (2012) and Yitzhaki and Schechtman (2013,
pp. 92-97). For convenience, a demonstration is supplied in the Appendix.



LMA: (Line of independence Minus Absolute concentration curve). If the LMA curve of the
dependent variable with respect to the independent variable intersects the horizontal axis,
then it is possible to find two monotonic increasing transformations of the independent
variable that will result in two negating signs of the OLS regression coefficient.

The LMA curve is the vertical difference between two absolute concentration curves. The
absolute concentration curve is similar to the absolute Lorenz curve except that on the
vertical axis the cumulative expected conditional values of Y given X is presented. The LMA
is the vertical difference between the absolute concentration curve of Y given X, under the
assumption that the two variables are statistically independent, which is a Line, minus the
actual Absolute concentration curve of Y as a function of F(X). An illustrative example of
the construction of the LMA curve can be found in the Appendix A2.

There are five properties of the LMA curve:
(a) The LMA curve starts at (0,0) and ends up at (1,0).

(b) The area enclosed between the curve and the horizontal axis is equal to cov(Y, F(X)),
which is the equivalent to the classical covariance provided that one uses Gini’s Mean
Difference as the measure of variability.

(c) If the curve is above (below) the horizontal axis then the contribution of this section to
cov(Y, F(X)) is equal to its height (negative height).

(d) If the curve intersects the horizontal axis then there are two monotonic transformations
of X, T;(X) and T,(X): one resulting in cov(Y,T;(X)) > 0, and the other in
cov(Y, TZ(X)) < 0, meaning that there is a monotonic transformation of X that can
change the sign of the OLS regression coefficient of Y on X.

(e) Truncation of the curve at a given point and connecting the truncated area by a line then
one can evaluate the sign of the covariance (or the local regression coefficient) at this range.
This enables evaluating the effect of throwing extreme observations.

To check whether one can reverse the ranking of average scores in comparing two groups by
applying a monotonic increasing transformation, one has to check whether the cumulative
distributions of the two groups intersect, while checking whether one can change the sign of
the simple regression coefficient one has to check whether the LMA curve intersects the
horizontal axis.

4 Empirical Evidence

In this section we apply the theoretical conditions to the same data used by FCF (2004) in
order to examine the robustness of its conclusions. We check whether a monotonic
transformation of satisfaction that can change the sign of regression coefficient exists.*

* An alternative procedure is outlined in Nielsen (2015). He assesses the sensitivity of empirical
methods for measuring group differences in achievement based on ordinal data. He defines a
distance measure over possible weighting functions to derive a “worst-case bounds for the bias in the
estimated achievement gap” (p. 1).



Before we start, we have to clarify one point relevant for an ordinal variable that is a
dependent variable. The LMA rules of Section 2 can be applied only for the independent
variables. However, we will use the property of the OLS regression that the sign of the
regression coefficient is equal to the sign of the inverse regression. The explanation for this
property is that the sign of the regression coefficient in OLS regression is determined by the
sign of cov(Y, X) which is equal to the sign of cov(X,Y).

Our empirical database is the German Socio-economic Panel (SOEP), a representative panel
of the population living in Germany, with the first data wave collected in 1984. We use the
SOEP wave v29, covering the 1984 to 2012 period. Every year, about 20,000 persons in
12,000 households are interviewed. Most importantly for our purposes, the SOEP provides
detailed information on individual- and household-level socio-demographics plus satisfaction
assessments in several life domains. For detailed information on the data see Wagner et al.
(2007).

Our empirical analysis rests on two SOEP-based working samples. The first working sample is
constructed along the instructions provided in the Technical Appendix to FCF (2004). It is an
unbalanced sample of West-German workers, observed from 1992 through 1997. With it, we
explore the robustness of conclusions reached by FCF (2004). The second working sample
contains more recent data, covering 1992 through 2012. It is an unbalanced sample without
any constraints imposed on employment status or other socioeconomic characteristics. Only
persons with missing values in the required variables in a particular year are discarded. With
the second sample we demonstrate that ordered logit and probit models indicate a
dominance relationship of the cumulative distributions that might not supported by the
data. Summary statistics on both working samples appear in Table A3 in Appendix A3.

4.1 Results from OLS regressions

We start our empirical analysis with the same two OLS regression specifications as in FCF
(2004). The first OLS regression model takes the form,

hie = a + Bage; + yvagel; + §In(yie) + Onchuaren,it + IDpartner,ie + Mhneaien,it
1997
+ Z T[tDt + git (1)

t=1993

The dependent variable is reported overall life satisfaction by respondent i in period t, h; ¢,
measured on an equally-spaced 11-point scale from 0 to 10. The independent variables are:

Age of respondent i in period ¢, age;;, and squared age, agel-zt.

Log of disposable monthly household income of respondent i in period t, In(y;;)
Number of children living in household of respondent i in period ¢, Ncpiigren.it
Partner living in respondent i’s household in period ¢, Dyqrtner,it,; @ dummy

P wnNe

variable.
Satisfaction with health of respondent i in period t, uhpeqien i ¢
6. Period dummies for years 1993 to 1997, D,

v

® This symmetry assumption between cov(X,Y) to cov(Y,X) characterizes the OLS and is not
imposed in Gini regression, Yitzhaki and Schechtman (2013). As shown in Yitzhaki (2015), this
assumption alone may cause an unjustified change in the sign of the OLS regression coefficient.



The second OLS regression model includes an extended set of independent variables,

hi,t = a + fage; + Vageizt +6 ln(Yit) + Gnchildren,i,t + ﬁDpartner,i,t + ﬂhhealth,i,t

1997
+ 2 19937TtDt + peduc;; + 0Dmaieit + Taquits,it T it (2)
t=

The additional independent variables include:

1. Education level of respondent i in period t, educ;;, measured on a 3-point scale.
2. Dummy for male respondents, Dy, g0 ¢
3. Number of adults living in household of respondent i in period t, nggy1¢5i ¢

The results from both specifications are summarized in the first two columns of Table 1. The
adjacent two columns provide the estimates provided in Table 1 in FCF (2004).

Our regression estimates and those in FCF (2004) are very similar but not identical, perhaps
due to the slight difference in the numbers of observations.® For example, the coefficients in
both regressions suggest that being rich in income makes your life better, while being rich in
children makes it worse.

We now plot the LMA curves. The properties required for analyzing them are the following:
On the horizontal axis the cumulative distribution of X is presented. The vertical Axis
describes the vertical difference between the cumulative value of E{Y|F(X) = F(x)} would
Y and X be statistically independent minus the actual cumulative value.

The first set of LMA curves in Figure 1a are those that can tell us whether and the properties
of a monotonic non-decreasing transformation applied satisfaction can change the sign of a
simple OLS regression coefficient. The first LMA curve presented is with respect to age. As
shown, the lowest 20 percent of observations of satisfaction create a tiny positive
covariance with age. The third curve in the first line presents the LMA of [n(Y). As can be
seen the curve creates a positive covariance between the variables. However, concentrating
on high level of satisfaction, we can see a negative covariance. Hence, a transformation that
will shrink low level of satisfaction and expand high level is capable of changing the sign of
an OLS regression coefficient.

® We could not reproduce the exact same data, because the exact code used to create the data in CFC
(2004) is lost.
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Figure 1a. LMA of independent variables with respect to satisfaction

The second line of curves presents additional possibilities. Low satisfaction levels create
positive covariance with the number of children in the household while high level of
satisfaction is associated with negative covariance. The relationship between having a steady
partner and satisfaction is not monotonic. Overall it ends up with a positive covariance, but
at high levels and in the middle we see sections with negative covariance.

The GMD has two covariances between two variables and they do not have to be with the
same sign. They reflect the idea that what you see from here need not be identical to what
you see from there.” Therefore, we also present the other side of the coin in Figure 1b.® As
can be seen there are no monotonic transformations of income, steady partner, satisfaction
with health that can change the sign of the correlation between each variable and
satisfaction. (With respect to steady partner it is trivial because it is a binary variable). On
the other hand, although the association between the number of children and satisfaction is
positive, as the number of children increases it becomes negative. Almost a reverse picture
portrays the age on satisfaction. Overall, it is negative but as people age, it tends to be
associated with greater satisfaction.

7 This phenomenon occurs whenever one uses two variables to describe a change. In this case one
has to fix one variable and to allow the other variable to change. It is equivalent to the “index number
problem” taught in intermediate economic courses.

® Because the LMA of overall life satisfaction and age respectively age squared are identical, only the
LMA between overall life satisfaction and age is provided.
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Figure 1b: The LMAs of Satisfaction with respect to Independent Variables

Having studied the relationship between the variables, we experiment with alternative
scales of satisfaction that can change the signs of regression coefficients. Table 2 provides
results from OLS regressions a transformation of satisfaction, R, that shrinks the differences
between low levels of satisfaction (for the exact transformation see first column in Table A4
in Appendix 4). Bold type indicates changes in the sign of regression coefficients due to the
transformation. The sign of two regression coefficients have changed. The results of Table 2,
in contrast to those of Table 1, suggest that being rich in income makes your life miserable,
while being rich in children makes it better.

Finally, it is worth mentioning that the sign changes of Table 2 hold for any linear increasing
transformation of the scale that produced the table. Also, the sign changes hold for
monotonic increasing transformations that shrink the differences in the scale for the lowest
60 percent of observations of satisfaction, and increase the differences among the 40
percent at the top. An alternative transformation to the one underlying the results in Table 2
that may be viewed as less drastically but also change the sign of the regression coefficients
for the log of disposable income are reported in column two of Table A4.

4.2 Results from random- and fixed effects linear models

Random and fixed effects linear models allow researchers to deal with unobserved
heterogeneity and rely on weaker assumptions on the inter-personal comparability of

10



reported satisfaction scores as standard OLS. However, as standard OLS, these models treat
the dependent variable as cardinal, and thus cannot guarantee stability of regression
coefficients subject to allowed transformations of h. To see this, Table 3 provides a summary
of random effect models using the same specifications as in Tables 1 and 2, using both the
original and the transformed satisfaction variable, h and &, as dependent variables. Table 4
provides the respective estimates from fixed effects.

According to the random effects models and using h as dependent variable, we find that
income makes your life better, while children play no role. Using & as dependent variable,
income plays no role, while children make it better (at least in specification (1)). According to
the fixed-effects models, income makes your life better, while children play no role —
irrespective of whether one uses h or h.

To complete the analysis, Table 5 provides a summary of OLS, fixed-effects and random
effects regression estimates for parsimoniously-specified regression model, each considering
only one of the independent variables from specification (2), and using as dependent
variable either h or h. The advantage of this univariate analysis is that reversals of the
regression can be uniquely assigned to the transformation of the satisfaction variable as
correlations between independent variables are ruled out by definition. For the OLS, we now
find contradictory regression coefficients for the log of disposable income, education (but no
longer for children). For the fixed-effects model, again significance levels are affected but
the sign of the regression coefficient never changes.

To sum up the results from our application, using random-effects does not avoid coefficients
reversals. Using fixed-effects avoids reversals but the significance of the coefficients hinges
on the transformation. Note, however, that this partially positive message for fixed-effects is
not ensured. Reversals of coefficients can easily be demonstrated also for this type of
model.’

4.3 Results from ordered logit and probit models

Many economists are unwilling to interpret satisfaction or happiness scores as cardinal, and
thus make use of models of a latent variable form like (ordered logit and probit models) to
study the scores’ determinants. By construction, such models are immune to monotonic
transformations of the dependent variable. However, ordered logit or probit models are not
appropriate for checking whether treating an ordinal variable as cardinal changes the
conclusions. This is because they result, by definition, in non-intersecting cumulative
distributions; i.e., these models assume a dominance relationship of the cumulative
distributions that needs not be supported by the data.

To see this, take the ordered logistic model. It builds on the cumulative distribution,
F,(X) =1/(1 4 e bc*teX) where ¢ =1,...,C denotes the cut offs and X is a set of
explanatory variables. Assume X contains only a single dichotomous variable, X =€ (0,1),
that distinguishes two groups, and a > 0.

To prove our point we have to show that the CDFs for the two groups do not intersect, i.e.,
FX=1)/FX=0)<1 forallc=1,...,C.

° An example will be provided by the authors upon request.
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Proof via contradiction: Suppose F(X = 1)/F(X =0) > 1

1/ec—b+a

1/e_bc

c

>1

- —bc+a
el >e "

The greater sign cannot hold because by assumption we have @ > 0. QED.

The remaining question is if the ordered model indicates significant despite intersecting
empirical CDFs, non-intersection of the cumulative distributions of the two groups is justified
by the data. The answer is yes. As an illustration, Table 6 summarizes the results from a
ordered logit with our standard satisfaction variable h run separately for the SOEP waves
2005 to 2012, looking for satisfaction differences between respondents with German
(Dgerman = 1) and non-German origin (Dyerman = 0). Underneath the regression results, a
column indicates if the empirical CDFs of the two respondent groups do intersect. The
dummy variable is significant in five out of eight regressions. In the five significant cases,
however, empirical distributions intersect in three cases. Such constellations will not be a
rare bird in empirical analyses.

5 Concluding remarks

There is enormous interest in the social sciences in studying the interrelationships between
psychological well-being and socioeconomic outcomes. The empirical basis for such studies
is usually data from surveys, where respondents are asked to state well-being in different
life domains, usually on 5 to 11-point scales, with verbal descriptions of well-being attached
to scale values. The most common practice—that of comparing well-being by means of
descriptive analysis or linear OLS regression models—ignores that the information obtained
on well-being is ordinal, meaning that monotonic transformations are allowed.

In the theoretical part of the present paper, we demonstrate that treating ordinal data by
methods intended to be used for cardinal data may give a false impression of a robust result.
Particularly, we derive the conditions under which the use of cardinal method to an ordinal
variable gives an illusionary sense of robustness, while in fact one can reverse the conclusion
reached by using an alternative cardinal assumption. To check whether one can reverse the
ranking of average scores in comparing two groups by applying a monotonic increasing
transformation one has to check whether the cumulative distributions of the two groups
intersect, while checking whether one can change the sign of the simple regression
coefficient one has to check whether the LMA curve intersects the horizontal axis. In the
empirical part, we scrutinize the robustness of the results of a prominent paper on the
determinants of satisfaction that is extensively cited by researchers who apply cardinal
methods to study ordinal data as it finds consistent results in OLS and logistic regression
frameworks. Our empirical analysis, however, shows that admissible transformations of the
ordinal satisfaction variable can lead to contradictory results.

The issues discussed in the present paper expanding beyond the measurement of living
standards, well-being, and related indicators. Another important application is the
measurement of educational achievements and evaluation of education programs with test
scores from exams. The issues are also of empirical relevance, not a rare bird: As an

12



example, using data from the German Socio-economic Panel (years 2007-12), we have
derived cumulative distribution functions of satisfaction in seven life domains for two
groups: German and non-German residents. We find 24 intersections in the 42 comparisons.
Cumulative density functions of male and female respondents intersect in 41 out of 42
comparisons. As another example, we have performed bi-national comparisons of
cumulative distributions from math scores provided in the PISA database from OECD. For 34
OECD countries, in 561 bi-national comparisons cumulative density functions intersect in
273 comparisons.°
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Table 1. Estimates from OLS regressions, original dependent variable

Dependent variable: h
Source: our estimates FCF (2004)
Specification: (1) (2) (1) (2)

FHE FFF

age -0.033 (0.005) -0.042 (0.005) -0.03 -0.05

* *

age? 0.001"" (0.000) 0.001"" (0.000) 0.0005 0.0007

* *

In(y) 0.332°° (0.018) 0.411" (0.022) 034 038
Nenitaren  -0.015°  (0.008) -0.015°  (0.009) -0.07  -0.05

*kk EETY

Dpartner  0.087° (0.018) 0.063"  (0.020) 013  0.23

Rpeazn 0.390° (0.004) 0.388" (0.004) 054  0.39

D199 0.000 (.) 0.000 (.) n.r. n.r.
Dygos -0.050" (0.028) -0.056  (0.028)  n.r. n.r.
Dygo, -0.086  (0.028) -0.097  (0.028) n.r. n.r.
Diogs -0.133" (0.027) -0.145 (0.027) n.r. n.r.
Digos -0.099° (0.028) -0.114  (0.028) n.r. n.r.
Dyg9; -0.247"7 (0.028) -0.264" (0.028) n.r. n.r.
educ 0.020 (0.013) n.r.
work_hrs -0.004""  (0.001) n.r.
Dnate 0.017  (0.020) n.r.
Naguits -0.070"" (0.011) n.r.
constant 2.192°  (0.169) 1.990°  (0.178) n.r.
N 31228 31228 30569 30569
F 963.415 712.926 nr nr
r2 0.253 0.255 025 026

Note. h denotes original SOEP overall life satisfaction variable, i denotes transformed
satisfaction. Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
Data: SOEP v29.



Table 2. Estimates from OLS regressions, transformed dependent variable

Dependent variable: h
Specification: (1) (2)
age -0.023  (0.003) -0.018  (0.003)
age? 0.000°  (0.000) 0.000°  (0.000)

*

In(y) -0.050"  (0.011) -0.038"  (0.014)
Nenigren  0.011 (0.005)  0.007  (0.005)

Dpartner 00297 (0.011)  0.024°  (0.013)
Rhean ~ 0.082 (0.002)  0.083 (0.002)
Digs,  0.000 () 0.000 ()

Digos 0014  (0.017)  0.014  (0.017)
Digo, ~ 0.003  (0.017)  0.005  (0.017)
Digos ~ -0.024  (0.017)  -0.020  (0.017)
Digos  -0.038 (0.017) -0.034"  (0.017)

Hokok *

Digo;  -0.067 (0.017) -0.062""  (0.017)

educ -0.052""  (0.008)
work_hrs 0.000 (0.000)
Doate -0.003  (0.012)
Nadulrs 0.001  (0.007)
constant  4.503  (0.105) 4.398"  (0.111)
N 31228.000 31228.000
Fo 112147 85.400
r2  0.038 0.039

Note. h denotes original satisfaction variable, i denotes transformed
satisfaction. Standard errors in parentheses. “p < 0.1, " p < 0.05,
***p < 0.01. Data: SOEP v29.



Table 3. Estimates from random-effects model

Dependent variable: h h
Specification: (1) (2) (1) (2)
age -0.036  (0.006) -0.047 (0.007) -0.025  (0.004) -0.021"  (0.004)
age? 0001 (0.000) 0.001°  (0.000) 0.000°  (0.000) 0.000°  (0.000)

*

In(y) 0288  (0.021) 0366  (0.025) -0.018  (0.013) -0.006  (0.016)
Nenigren  -0.007  (0.011)  -0.009  (0.011)  0.014 (0.007)  0.011  (0.007)

Dpartner  0.085  (0.026)  0.065 ~ (0.029)  0.030°  (0.016)  0.024  (0.018)
Rpearsn ~ 0.300  (0.004) 0.300° (0.004) 0.063°  (0.003) 0.063°  (0.003)
Digo;  0.000 () 0.000 () 0.000 () 0.000 ()

Hkk Hkk

D903  -0.070 (0.022) -0.076 (0.022)  0.009  (0.015)  0.009  (0.015)

*

Diog, -0.119°  (0.023) -0.130°  (0.023)  -0.005  (0.015)  -0.005  (0.015)

*

Digos -0.162°  (0.023) -0.174"" (0.023) -0.028"  (0.015) -0.027  (0.015)

* Hokok *kk

Digos -0.138  (0.023) -0.153""  (0.023) -0.047 (0.015)  -0.045 (0.015)

* *

Dygo; -0.295  (0.023) -0.312" (0.023) -0.079  (0.015) -0.077 (0.015)

educ 0.040"  (0.019) -0.050""  (0.012)
work_hrs -0.002""  (0.001) -0.000  (0.001)
Dynate 0.005  (0.029) -0.003  (0.018)
Nadulrs 0076 (0.013) -0.004  (0.008)
constant  3.323°  (0.208) 3.090  (0.216) 4.434"  (0.130) 4.360  (0.135)
N 31228.000 31228.000 31228.000 31228.000
¥% 5661.010 5727.330 658.759 679.863
R?  0.252 0.254 0.037 0.039

Note. h denotes original satisfaction variable, i denotes transformed satisfaction. Standard errors in parentheses.
*p < 0.1,"p < 0.05 “p < 0.01. Data: SOEP v29.



Table 4. Estimates from fixed-effects model

Dependent variable:
Specification:

(1)

(2)

(1)

(2)

FEE

FEE

FEE

EE33

age -0.047 (0.016)  -0.058 (0.016) -0.034 (0.010) -0.036 (0.011)
age*  -0.000  (0.000) -0.000  (0.000)  0.000  (0.000)  0.000  (0.000)
In(y) 0.183 (0.030) 0264  (0.035) 0.035  (0.020) 0.045  (0.023)

Nenigren  0.015  (0.020)  -0.004  (0.021)  0.008  (0.013)  0.006  (0.014)
Dpartner ~ -0.052  (0.074)  -0.056  (0.074)  -0.013  (0.049)  -0.014  (0.049)
Rneaien ~ 0.216  (0.005) 0.216°  (0.005) 0.040  (0.003) 0.040°  (0.003)
Dig9,  0.000 () 0.000 () 0.000 () 0.000 ()
Dygos  -0.020  (0.021)  -0.023  (0.021)  0.020  (0.014)  0.020  (0.014)
Digos  -0.016  (0.020) -0.019  (0.020)  0.018  (0.013)  0.018  (0.013)
Digos  0.016  (0.020)  0.015  (0.020)  0.020  (0.013)  0.020  (0.013)
Diogs  0.096 (0.021) 0.095  (0.021)  0.014  (0.014)  0.013 (0.014)
Dig9;  0.000 () 0.000 () 0.000 () 0.000 ()
educ 0.030  (0.060) 0.010  (0.039)
work_hrs -0.001  (0.001) -0.001  (0.001)
Dpate 0.000 () 0.000 ()
Nadults 0081 (0.019) -0.009  (0.013)
constant  6.411°  (0.395) 6.210 (0.399) 4.737  (0.260) 4.721°  (0.262)
N 31228.000 31228.000 31228.000 31228.000
F  218.156 169.396 22.578 17.452
R®  0.068 0.066 0.005 0.005

Note. h denotes original satisfaction variable, i denotes transformed satisfaction. Standard errors in parentheses.

*p < 0.1,"p < 0.05 "™ p < 0.01. Data: SOEP v29.
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Table 5. Estimates from univariate regressions

Model: oLS Fixed effects Random effects
Dependent variable: h h h h h h

age -0.008  (0.001) -0.001"  (0.000) -0.079  (0.004) -0.025  (0.003) -0.012"  (0.001) -0.002"  (0.001)
age? -0.000° (0.000) -0.000 (0.000) -0.001" (0.000) -0.000 (0.000) -0.000  (0.000) -0.000"  (0.000)
In(y) 0.390  (0.020) -0.035  (0.011) 0.117  (0.031) 0.015 (0.019) 0.262  (0.023) -0.015 (0.013)
Nenitaren  -0.003  (0.009)  -0.001  (0.005) 0.061° (0.021) 0.018 (0.013) 0.013  (0.013) 0.006  (0.007)
Dpartner ~ 0.027  (0.020) -0.005 (0.011) 0.060  (0.077) 0.025 (0.049) 0.045  (0.030) 0.002  (0.016)
Rneaien  0.382°  (0.004) 0.079° (0.002) 0.225°" (0.005) 0.043"" (0.003) 0.299° (0.004) 0.062"  (0.003)
educ 0.106°  (0.014) -0.059 (0.008) -0.126  (0.059) -0.064 (0.037) 0.071 (0.021) -0.063  (0.011)
work_hrs -0.002"" (0.001) -0.001 (0.000) -0.002 (0.001) -0.001 (0.001) -0.002" (0.001) -0.001  (0.001)
Dpaie 0.036  (0.019) -0.000 (0.010)  0.000 () 0.000 () 0.013  (0.030) -0.005  (0.016)
Nggues 0.077  (0.010) 0.013°  (0.005) 0.015 (0.017) 0.012 (0.010) 0.046  (0.012) 0.012°  (0.007)

Note. h denotes original satisfaction variable, i denotes transformed satisfaction. Standard errors in parentheses. *p < 0.1, *p < 0.05, **p < 0.01.

Data: SOEP v29.
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Table 6: Estimates from univariate ordered logit regression and empirical cumulative distributions

2005 2006 2007 2008 2009 2010 2011 2012
Dgerman  0.298  (0.049) 0.284  (0.050) 0.248  (0.052) 0220  (0.057) 0.153  (0.057) 0.094  (0.061) 0.037 (0.064) -0.039  (0.062)
cutl
_cons 5128  (0.115) -5.069" (0.109) -5.389" (0.128) -5.396 (0.132) -5.558°  (0.134) -5.799° (0.153) -5.794" (0.152) -5.988"  (0.155)
cut2
_cons -4.3437"  (0.085) -4.386  (0.084) -4.502°  (0.090) -4.608°  (0.098) -4.713"" (0.097) -4.919° (0.108) -4.881°  (0.107) -5.055  (0.108)
cut3
_cons -3.359  (0.063) -3.487  (0.065) -3.500 (0.068) -3.633°  (0.074) -3.729  (0.073) -3.760 (0.078) -3.987 (0.083) -4.142" (0.082)
cutd
_cons  -2.544"7  (0.054) -2.644" (0.055) -2.692°  (0.058) -2.777 (0.063) -2.849 (0.063) -2.951" (0.068) -3.065  (0.071) -3.237 (0.070)
cuts
_cons -1.984°  (0.051) -2.035 (0.052) -2.107  (0.055) -2.193" (0.060) -2.228"  (0.059) -2.397  (0.064) -2.428  (0.067) -2.553  (0.065)
cuté
_cons -1.025  (0.048) -1.042° (0.049) -1.120°  (0.052) -1.201"  (0.057) ~-1.206  (0.056) -1.414  (0.061) -1.369"  (0.064) -1.540"  (0.062)
cut7
_cons -0.464  (0.048) -0.426  (0.048) -0.509  (0.051) -0.589  (0.056) -0.609  (0.056) -0.843°  (0.060) -0.776  (0.063) -0.953  (0.061)
cut8
_cons 04357 (0.048) 0.496  (0.048) 0.425° (0.051) 0.357 (0.056) 0.316  (0.056)  0.095  (0.060) 0.166 (0.063) -0.010  (0.061)
cut9
_cons 1967 (0.050) 2.042"" (0.051) 1970  (0.053) 1.961  (0.058) 1.847 (0.057) 1.628°  (0.061) 1721  (0.064) 1.489  (0.062)
cutl0
_cons  3.449"7  (0.058) 3.439 (0.058) 3.540°  (0.063) 3.461°  (0.066) 3.161  (0.064) 3.183  (0.068) 3.213° (0.072) 2.958°  (0.068)
N 19819 21211 19940 18767 19839 18080 17734 18869
x%  36.950 32.815 22.300 14.864 7.263 2.397 0.341 0.390
Intersection empirical CDFs no no yes yes yes yes yes yes

Note. D¢eorman is @ dummy indicating German nationality. Standard errors in parentheses. *p < 0.1, " p < 0.05, ™" p < 0.01

. Data: SOEP v29.
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Appendices

Appendix A1 — Literature review

Table A1l. Statistical analysis used in previous research on happiness, satisfaction, and well-

being
Type of statistical analysis
Authors Research question Lmea.r Ord‘ered .
regression logit or Others techniques
models probit
Alesina et al. (2004) Relationship between Yes
inequality and happiness in
Europe and US
Anger et al.(2009) Health and happiness among Comparisons of means
Older Adults and medians; logistic
regression
Benjamin et al. Determinants of happiness and Yes
(2014) satisfaction
Blanchflower and Hypertension and happiness in Yes Yes
Oswald (2008) international perspective
Blanchflower and Well-being over time in UK and Yes Yes
Oswald (2004) us
De Neve, Oswald Effect of life satisfaction and Yes Correlations
(2012) positive affect on later income
Di Tella et al. (2003) Macroeconomics movements Yes
and happiness
Di Tella, Uses of happiness data in Yes Comparisons of means
MacCulloch(2006) economics
Dynan and Ravina Income inequality, external Yes
(2007) habits, and happiness
Easterlin et al. Relationship between income Yes Comparisons of means
(2010) and happiness
Easterlin et al. Inter-temporal changes of Comparisons of means
(2012) satisfaction in China compared
in a cross-country comparison
Frijters et al. (2004) Relationship between real Yes Causal decomposition
income and life satisfaction analysis
Hills, P., & Argyle, M. Relationship between Yes
(2001) introversion, extraversion and
happiness introverts
Hetschko et al. Impact of transition from Yes Comparisons of means
(2014) unemployment to retirement
on satisfaction
Luttmer (2005) Relative earnings and well- Yes Yes
being
Ott (2010) Relationship between Correlations based on
governance and happiness average values,
comparisons of means
Ram (2008) Relationship between Yes
government spending and
happiness
Senik 2014 Relationship between wealth Comparisons of means
and happiness
Rehdanz, Maddison Relationship between climate Yes Comparison of means
(2005) and happiness
Veenhoven, Hagerty Relationship between Yes Comparison of means

(2006)

Veenhoven (2003)

happiness and (average)
income across nations
Relationship between
hedonism and happiness

Comparison of means
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Appendix A2 — Construction of LMA curves

In the present example, there is one dependent variable, x, and two independent variables,
vy, and y,, together with a frequency weight, w.

F(x) is the cumulative distribution of the dependent variable considering the frequency weight.

ACC (y;) is the absolute concentration curve of the independent variable y;. It is the cumulated
products of y; and w divided by the sum of weights.

Lol(y,) is the line of independence for y,, i.e., the product of the weighted mean of y; times F(x).

LMA(y,) is the difference of Lol (y,) and ACC(y,).

Table A2. Construction of LMA curves

x i Yo w F(x) ACC(y,) Lol(y,) LMA(y,) ACC(y,) Lol(y,) LMA(y,)
1 1 1 1 0.077 0.077 0.633 0.556 0.077 0.343 0.266
2 2 3 2 0.231 0.385 1.899 1.515 0.538 1.030 0.491
3 4 4 1 0.308 0.692 2.533 1.840 0.846 1.373 0.527
3 8 6 2 0.462 1.923 3.799 1.876 1.769 2.059 0.290
4 9 8 1 0.538 2.615 4.432 1.817 2.385 2.402 0.018
5 10 6 3 0.769 4923 6.331 1.408 3.769 3.432 -0.337
6 13 4 1 0.846 5.923 6.964 1.041 4.077 3.775 -0.302
7 14 3 1 0.923 7.000 7.598 0.598 4.308 4.118 -0.189
8 16 2 1 1.000 8.231 8.231 0.000 4.462 4.462 0.000

Note. Own calculations for hypothetical data.

15

LMA(Y|X)
1
Il

5
|

FO)

—e— IMA Yyl —— LMA_y2 \

Note. LMA curves from Table A2.

Figure Al. Graphical illustration of LMA curves
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Appendix A3 — Empirical analysis

Table A3. Breakdown working sample 1 (FICF (2004)) and sample 2

Sample Variable Akronym N min mean sd max
1 - FICF (2004) Satisfaction with overall life h 31228 0 7.216 1.630 10
Age age 31228 16 38.316  11.737 86

Age squared age'2 31228 256 1605.906 944.560 7396

Log of monthly disposable income In(y) 31228 4.406  8.477 0.466 11.054

Number of children Nchitdaren 31228 0 0.741 1.003 10
Dummy partner Dpartner 31228 0 0.300 0.458 1
Satisfaction with health hpearen 31228 0 7.052 2.0749 10
Education level educ 31228 1 1.872 0.671 3
Working hours per week work_hrs 31228 0.1 38.576  11.584 80
Male Dinate 31228 0 0.589 0.492 1
Number of adults Ngquies 31228 0 2.372 0.946 9
2 Satisfaction with overall life h 154259 O 6.988 1.772 10
German nationality Dgerman 154259 0 0.944 0.231 1

Note. Data: SOEP, H(x
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Appendix A4 — Satisfaction transformations

Table A4. Transformed values of satisfaction

Satisfaction, Transformed Alternative
h satisfaction, h transformation
0 4.04 0
1 4.05 1
2 4.06 2
3 4.07 3.5
4 4.075 4
5 4.08 4.25
6 4.09 4.5
7 4.1 4.75
8 5 5
9 8 8
10 8.1 10
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