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Abstract

Quality of life indicators need to be measured through a multidimensional framework. In this study, the data
from the survey ‘Social Diagnosis’ is used. The survey encompasses a set of 16 items relating to the evaluation
of satisfaction with particular aspects of life. The item’s categories are converted into a [0, 1] interval by using
a membership function and then they are aggregated into a composite indicator. Fractional output models are
applied to assess the impact of various socio-economic and demographic factors on values of this indicator. Such
models are useful tools in cases when the response variable ranges between 0 and 1. It is found that satisfaction
with life is U-shaped in age. Furthermore, it increases with education and association membership and decreases
with disability, urbanisation, and being widowed or divorced. The results of the estimation indicate that the
demographic composition of the household, region of residence and source of income all have a statistically
significant impact on the quality of life in Poland.
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INTRODUCTION

Quality of life is a phrase encountered ever more frequently. It is used in so many contexts and for most
different purposes that it is difficult to pin down a universally agreed meaning (Phillips, 2006). In the full
sense of the term, Quality of Life (QoL) can be approached from an interdisciplinary perspective - the
manner of its use depends on the discipline, and many are involved: sociology, economics, political science,
social psychology, medicine, philosophy, marketing, environmental sciences and others (Glatzer, 2004).
It has even been claimed that there may be as many definitions of QoL as there are people (Hoe et al.,
2011). The recent trend has been to address methodologies that take into account individuals’ opinions
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using broadly-designed tools based on questions about the subjective quality of life. Such an approach has
an advantage - it prevents the risk of a person’s QoL being judged by others, hence avoiding ‘diminishing
empowering people’ in evaluating their own well-being (Rojo-Perez et al., 2015). While in the literature
there is a lack of consensus on the meaning of ‘quality of life} its multidimensional nature is universally
accepted (Betti, 2017; Stiglitz et al., 2009; Eurostat, 2017). When measuring QoL, various domains should
be analyzed, including subjective well-being. Indicators of satisfaction with various aspects of personal life
are regarded as an important part of monitoring social situation. They enable the comparison of people’s
feelings against the objective data on living conditions, and thus are an indispensable and crucial element
in the multidimensional measurement and analysis of the quality of life (Dudek and Szczesny, 2016).

This study examines the subjective perception of QoL using data from the 2015 survey ‘Social
Diagnosis - the objective and subjective quality of life in Poland’. It uses methodology first used
in a multidimensional poverty analysis, and originally proposed by Cerioli and Zani (1990) and developed
by Cheli and Lemmi (1995) and Betti and Verma (1999). It also employs methods of fuzzy set theory
(Zadeh, 1965), according to which data on subjective assessments of QoL are converted by a membership
function into a [0, 1] interval. Fuzzy set theory has become of particular interest to poverty researchers,
since conventional crisp-set applications separating the poor and non-poor are increasingly believed not
to adequately capture complex social phenomena like poverty (Neff, 2013).

In order to obtain a synthetic indicator encompassing many areas and aspects of life, weights
reflecting the relative importance of satisfaction items are used. Such a framework was first applied
in multidimensional poverty analysis (Betti and Verma, 2008; Panek, 2010), but recently also in various
other socio-economic areas including job satisfaction (De Battisti et al., 2015) and quality of life (Betti
et al,, 2016; Betti, 2017). The interesting results obtained by Betti encouraged us to apply his approach
to analyze the subjective QoL in Poland.

The present study often refers to Betti’s work, where multidimensional fuzzy indicator methodology
was first proposed and used to measure QoL (Betti et al., 2016; Betti, 2017). As in those articles, we
calculate average values of the QoL indicators for the entire Polish population. As shown in (Betti et al.,
2016), estimates based on sub-samples (population groups, regions and the like) can statistically differ
from each other. In order to identify such differences, Betti et al. (2016) calculated standard errors for
fuzzy indicators of QoL using Jackknife repeated replication. We propose another approach: applying
fractional outcome models to explain the indicators. Thus, the main contribution of our research is the use
of fractional response models and beta regression models in the fuzzy multidimensional analysis of QoL.

The paper is structured as follows: Following the present introduction, section 1 focuses on the
data and methodology. Sub-section 1.1 briefly describes the ‘Social Diagnosis’ survey, sub-section 1.2
introduces the concept of the fuzzy set approach in a multidimensional measurement of quality of
life and sub-section 1.3 gives insights on fractional outcome models. Section 2 presents and discusses
the results of the analysis and section 3 provides our conclusions.

1DATA AND METHODOLOGY

1.1. Data

The empirical analysis in this study is based on a ‘Social Diagnosis - the objective and subjective quality
of life in Poland’ (SD) survey conducted in 2015. The SD is a cyclic survey that collects microdata on
Poles’ living conditions and quality of life as they report it themselves. The database is available free of
charge at the website: <www.diagnoza.com>.

The ‘Social Diagnosis’ research project is undertaken by the members of the ‘Council for Social
Monitoring’. SD report authors and experts invited to participate by the ‘Council’ comprise economists,
demographers, psychologists, sociologists, insurance specialists and statisticians. Headed by professor
Janusz Czapinski, a social psychologist, and professor Tomasz Panek, a statistician, the project focuses
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on uncovering fundamental facts, behaviours, attitudes and experiences; not just an ordinary descriptive
opinion poll, it is a scientific project.

The research was conducted in March and April 2015 by professional interviewers from the Central
Statistical Office. The organisation of the questionnaire survey is supervised by the Polish Statistical
Association’s Office for Statistical Analyses and Research. Two separate questionnaires were used in the
SD research.” The first provides the information about the household composition and living conditions
completed by the interviewer during a meeting with the best-informed household representative. The
second questionnaire was completed by all available household members aged 16 and above and contributes
the information about their quality of life (Czapinski and Panek, 2015). The 2015 survey involved 11 740
households and 24 324 household members over 16 years of age. Since our study deals with a subjective
assessment of QoL, we used the data derived from the second questionnaire, which was completed
by 22 208 persons, which is the study’s sample size.

The DS survey uses a two-stage stratified sampling method for selecting households*. Census areas
were the primary sampling units, sampled with probabilities proportional to the number of dwellings
they covered. Urban strata were divided into large towns with more than 100 000 residents, medium-
sized towns of 20 000-100 000 and small towns with fewer than 20 000. In the five largest cities, the
strata covered individual districts. In the second stage, three dwellings were sampled per census area in
large towns, four per area in medium-sized ones, five per area in the smallest towns and six dwellings for
rural areas (Czapinski and Panek, 2015). To preserve the representative character on the national study
scale and in the identified classification cross-sections, weights for individuals were taken into account
in the DS database.

The DS survey questionnaires contain numerous questions about respondent satisfaction with regard
to particular areas and aspects of life. The scale of domain satisfaction covers 16 different items exhausting
nearly the entire scope of the average person’s interests and activities. Czapinski (2015) broke these items
down into the following five dimensions:

o social aspects (satisfaction with relationships with closest family members, friends, spouses

and children),

o material aspects (satisfaction with the family’s financial situation and housing conditions),

» environmental aspects (satisfaction with the situation in the country, place of residence, and level

of safety in place of residence),

o health-related aspects (satisfaction with one’s health condition, sex-life and way of spending free time),

o self-assessment (satisfaction with one’s own achievements, prospects for the future, educational

level, work).

Respondents were asked to assess all 16 areas and indicate the extent of their satisfaction with each.
There is a range of possible replies: 1) very satisfied 2) satisfied 3) rather satisfied 4) rather not satisfied
5) not satisfied 6) very dissatisfied 7) not applicable.” In our study, we assign a value of 3.5 to those
individuals who indicated answer 7’ and to those who did not give any answers, thus attributing them a
neutral position. For 12 items such answers did not exceed 2% of all data (at most 2% of all respondents
gave answer 7 or did not give any answers). However, there were individuals who were unmarried, had
no children, no sex-life, or who did not work. They had no choice but to answer 7’ because they could
not assess a spouse, children, sex-life or work. These individuals accounted for 37%, 26%, 27% and
48% of respondents, respectively. So, for 4 of the 16 items, there is a very significant amount of missing
information. Thus, we analyse the variant of the data with reduced list of 12 items.

3 Questionnaires and instructions for interviewers can be found at the website: <www.diagnoza.com> (Czapinski and Panek, 2015).
# Details on sampling design can be found on the website: <www.diagnoza.com> (Czapiriski and Panek, 2015).
5 See corresponding questionnaire item in the Appendix.
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1.2 The multidimensional indicator of quality of life

In the study we analyze the multidimensional indicator of QoL. Our approach requires the following steps:
1) identify the relevant items and group them into dimensions,

2) convert the items’ categories into item scores belonging to a [0, 1] interval,

3) assign weights to the aggregate items’ scores in the QoL indicators,

4) calculate the QoL indicators.

As mentioned in the description of the SD research, one of the questionnaires includes 16 questions
about satisfaction with particular areas and aspects of life. The answers (replies) to these questions
created the items we analyzed in our study. According to SD research head Czapinski (2015), they are
grouped into five dimensions: social, material, environmental, health-related and self-assessment. Thus,
concerning the first step, omitting 4 items with a significant amount of missing information, we analyze
12 items grouped into 5 dimensions.®

In the second step, we construct a membership function for each item. Several methods have been
proposed in the literature (Cerioli and Zani, 1990; Cheli and Lemmi, 1995; Betti and Verma, 2008) for
how to construct this function. We opt to use the empirical distribution function of each item. Such an
approach takes into account a given field’s relative position in society. We use the formula fulfilling this
requirement (Cheli and Lemmi, 1995).7

~ 1_F(Ck,j,i) (1)

BE1-FQ)

where: ¢;; is the category of the j-th item in k-th dimension for the i-th individual, 1< ¢;; <6,
F is the corresponding cumulative distribution functions.

The item’s categories are ordered from the highest value of QoL to the lowest. Formula (1) converts
them into a [0, 1] interval. The item score d can be interpreted as the degree of membership in the fuzzy
set of satisfied people. In particular, the value 0 refers to the answer ‘very dissatisfied’ (¢ = 6) and the
value 1 to ‘very satisfied’ (c = 1).

In the third step, weights of items were assigned within each of the five dimensions separately. Weights
have to be considered as measures of relative importance of the items in the QoL indicators, relative
to the other items in the dimension (Guio, 2009). They are essentially value judgements, and several
approaches can be followed for defining them (Desai and Shah, 1988; Cerioli and Zani, 1990; Cheli
and Lemmi, 1995; Filippone et al., 2001; Lazim and Osman, 2009).% In this study, we use the method
proposed by Betti and Verma (1999) for two reasons: it assigns less importance to poorly differentiated
items and it takes into account data redundancy. To do both, Betti and Verma (1999) defined weights as
the product of two components:

W, =W, Wy, @)

with the first factor being the coefficient of variation Vj; for j-th item score d in the k-th dimension, i.e.:

To identify dimensions, one can use statistical methods, for example factor analysis (Betti et al., 2016; Betti, 2017), but in this
study we use a classification applied in the ‘Social Diagnosis’ Report, according to which there are five dimensions encompassing
analyzed items.

The analogous formula was used in (Betti, 2017; Betti et al., 2016); the only difference lies in considering opposite ordering
of categories ¢ - in Betti’s research they are ordered from the lowest value of QoL to the highest.

In research (Dudek and Szczesny, 2015) applying SD data methods proposed in papers (Desai and Shah, 1988; Cerioli
and Zani, 1990; Betti and Verma, 1999) it was determined that the choice of weights does not significantly affect the
distribution of synthetic indicators.
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and the second factor takes into account correlations among item scores:

. 1 1
k,
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where: 7., is the correlation coefficient between the two different scores dy; and dy,
riis a predetermined cut-off correlation level in the k-th dimension,
my is the total number of items in the k-th dimension.

Thresholds r} are determined by the point of the largest gap between the ordered set of correlation
values encountered (Betti and Verma, 2008).

Using Formulas (3)-(4) results in weight W, ;being directly proportional to the variability of the dy;
and inversely proportional to its correlation with items in the k-th dimension. The low value of the factor
W4, means that item score dy; discriminates individuals poorly, while the low value of the factor W}
means that dy; is highly correlated with other item scores in k-th dimension, thus reducing the effect of
redundancy (Betti, 2017). Weights are normalized to unity by setting:

Wk, J

Wk,': o " 5
ToEmw, ®)

In the fourth step we calculate the QoL indicator. First, the sub-indicators in each dimension are
calculated. For an i-th individual, aggregation over a set of item scores in a k-th dimension (k=1, 2, ..., K)
is given by formula (Betti et al., 2016; Betti, 2017):

= va w, dk}l (6)

where: dj;; - the value of j-th item score in the k-th dimension for the i-th individual,
wi; — normalised weight for j-th item score in the k-th dimension,
my, — the total number of items in the k-th dimension.
Next, an overall QoL indicator for the i-th individual is calculated as the mean of sub-indicators Sy ;:

i

— ]' K
5= < IS, )

where K is the number of dimensions.
In the next step of the analysis, to gain a deeper insight into the subject matter, we try to explain the
values of the indicator S by socio-economic and demographic factors.

1.3 Fractional outcome models

The aim of our research is to estimate a model with the dependent variable S ranged between 0 to 1,
inclusive. To handle these data properly, one should take the bounded nature of the response into account.
A comprehensive survey of the models and estimation methods suitable to deal with fractional response
variables can be found in (Carrasco et al., 2014; Ramalho et al., 2011). The use of linear regression model
can generate predictions outside the unit interval. Moreover, it is conceptually flawed to assume normal
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distribution for a response variable in the [0, 1] range. As Papke and Wooldridge (1996) pointed out, the
drawbacks of a linear model for fractional data are analogous to the drawbacks to a linear probability
model for binary data. One way to handle this for response variables’ values belonging to a closed unit
interval is to apply a fractional response model (FRM). Papke and Wooldridge introduced such a model
in a paper in 1996 (Papke and Wooldridge, 1996).

Fractional regression is a model of the mean of the dependent variable y conditional on covariates
x, which we denote by E(y|x) = y. Because y is in the [0, 1] interval, to ensure that g, also belongs to it
[0, 1], in an FRM it is assumed that:

u(x) = Gx,p), (8)

where:  u(x:;) = E(yi|x;)
G(*) is a known function with 0 < G(z) < 1 for z €ERR,
x; is a vector of explanatory variables representing the characteristics of individual 7,
B is a vector of parameters to be estimated.

Typically, non-linear functional forms used for G are chosen to be a cumulative distribution function (cdf).
The two most popular examples used in FRM are the logistic function (z) = A(z) = 12272()@ and G(z) = 9(z),
where @ is the standard normal cumulative distribution function. Note that G is the inverse function
for the so-called link function that specifies the link between the random and systematic components.
It indicates how the expected value of the response variable relates to the linear predictor of explanatory
variables. For a discussion on link functions in fractional outcome models, see (Smithson and Verkuilen,
2006; Ramalho et al., 2011).

The nonlinear estimation of an FRM’s parameters is performed via maximization of the log-likelihood.
The Bernoulli log-likelihood function for the FRM is of the form:

InL=3" vy InG(x,p)+v(1l-y)n (1 -Gxp)), )

where:  y;is the dependent variable for the i-th individual,
x; are the covariates for individual 7, and
v; denotes sample weight of the i-th individual,
n is the sample size.

To obtain robust estimation of an FRM, the quasi-maximum likelihood (QML) is used. It is important
that the QML estimator does not require full distributional assumption of the dependent variable for
consistency. The only information that it needs is the conditional mean to be correctly specified for
consistent parameter estimates. The QML estimator of f is consistent and asymptotically normal, regardless
the distribution of the dependent variable, conditional on the predictors (Papke and Wooldridge, 1996). To
test the correct link specification of the conditional mean function, Ramsey’s RESET test, more common
in econometrics literature, can be applied.

The partial effects in an FRM of a given variable, say Xj, are given by:

OE(y|x)
ox,

J

= p,9(x.p), (10)

dG(x B)
oxp)

where:  g(x,B) =
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x;; is a value of j-th explanatory variable for i-th individual.

Hence, the significance and the direction of the marginal effects may be analyzed simply by examining
the significance and sign of ff; (Ramalho and Vidigal da Silva, 2013).

FRMs have been applied in a variety of disciplines, including the social sciences, health sciences and
economics. To see how FRMs have been used, see (Cardoso et al., 2010; Czarnitzki and Kraft, 2004;
Flores et al., 2015) to name a few.

A Dbeta regression models (BRMs) may be a valid alternative to FRMs. Though the beta distribution
has been known in statistics for about a century, the research that has been done on BRM is relatively
recent. BRMs have gained traction thanks to their flexibility for modelling dependent variables ranging
to the open unit interval. For papers introducing these models, see (Paolino, 2001; and Ferrari and
Cribari-Neto, 2004). BRMs are applied across variety fields, including finance, medicine, psychology
and economics, for examples, see (Grzybowska and Karwanski, 2015; Karwanski et al., 2015; Rogers et
al., 2012; Smithson and Verkuilen, 2006; Zanin, 2017).

BRMs are based on the assumption that the dependent variable y is beta-distributed and that its
mean is related to a set of explanatory variables through a linear predictor with unknown coefficients
and a link function. They also include a precision parameter which may be constant or depend on a set
of regressors through a scale-link function as well. The density of a beta-distributed dependent variable
y conditional on covariates (explanatory variables) x can be written as (Ferrari and Cribari-Neto, 2004):

f( Y) = L B¥-1 (1 = )01 )
s T(u )T((1-p)y) Y 4 ’

where:  p, = E(y|x) is the mean of the dependent variable y conditional on covariates x,
v scales the conditional variance according to:

u(1-p)
l+y

Var(ylx) = (12)

The parameter y is known as the precision parameter” since, for fixed y., the larger the v, the smaller
the conditional variance of y. Note also that conditional variance of y is a function of g, which renders the
regression model based on this parameterization naturally heteroskedastic (Cribari-Neto and Zeileis, 2010).

A BRM is a model of p, =E(y|). It is appropriate when y takes values from the (0, 1) interval to ensure
that p, is also in (0, 1), link function for the conditional mean is used. As for FRMs, it is assumed that the
mean g, is given by Formula (8), thus the partial effects in the BRM are given by (10).

According to (11), the log-likelihood function is of the form:

InL =% v, (InT(y) - InT(p ) = InT((1 - p)y) + (uy - 1)lni +((1T-p )y - 1)in(1 -y (14)
where:  y; is the dependent variable for the i-th individual,
Wy is given by Formula (8),

v is the precision parameter,
n is the sample size,

% Precision parameter may be constant or depend on set of regressors through a scale-link function (Smithson and Verkuilen, 2006).
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v; denotes the sample weight of the i-th individual.
Parameter estimation is performed by maximum likelihood (ML), simply replacing . with (8).

In our study we try to explain the values of fractional variable S, being the QoL indicator, by explanatory
variables using a FRM and a BRM. All computations are performed using STATA 14. In order to ensure
a representative character on the national scale and in the identified classification cross-sections, we use
a sample weight for each individual.

To compare a goodness of fit of the models to the data, we calculated simple measures by taking
the observed (y) value minus its corresponding predicted conditional mean (). A lot of measures based
on such differences can be obtained. The goodness of fit of models in our research was evaluated using
the root mean square error (RMSE) and the mean absolute error (MAE):

> (y.—9p)?
RMSE = /M, (15)
n

(16)

1 ¢ .
MAE:ﬁZizllyi_yi‘

These are common statistics used to assess models. Large values indicate a poor fit.

2 RESULTS AND DISCUSSION

As described in Section 1, we considered five dimensions encompassing 12 items. All items were converted
by membership function (1) into item scores. To calculate weights for them, we applied the procedure
mdepriv'® — a Stata command written by Pi Alperin and Van Kerm (2014). These weights were used to
calculate the QoL indicators given by Formulas (2)-(5). Table 1 reports descriptive statistics for the overall
summary QoL indices S and the indices Sj, S, S5, Ss, S5 corresponding to the five dimensions.

Table 1 Descriptive statistics for overall and dimension-specific QoL indices

Descriptive Overall Social Material Environmental | Health-related | Self-assessment
statistic ©) () ) ) (8) (89
Mean 0.3917 0.4002 0.3993 0.3732 0.3978 0.3914
Standard deviation 0.1754 0.2575 0.2325 0.1975 0.2290 0.2203
Median 0.3740 0.4139 0.4268 0.3463 0.3852 0.3483
Maximum 1 1 1 1 1 1

Minimum 0 0 0 0 0 0
Skewness 0.6202 0.7283 0.5568 0.5841 0.5280 0.5049
Kurtosis 3.3934 2.8453 2.8686 3.2607 2.7736 2.6840

Source: Authors’ calculations

As shown in Table 1, Poles, on average, were best satisfied in relationships with other people (social
aspects) and least satisfied with environmental aspects. Mean values of all QoL indices stand at about 0.4
with a standard deviation of about 0.2. A minimum of 0 and a maximum of 1 for the indices S and S}, S,
S5 S» Ss means that there existed individuals who were very dissatisfied with each aspect of life and others
who were very satisfied. All QoL indices exhibit slightly positive asymmetry, indicating distributions with

19 We found weak or moderately strong positive correlations among all pairs of item scores in a given dimension.
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an asymmetric tail extending toward more positive values. Skewness values close to 0 and kurtosis values
close to 3 indicate that distributions of the QoL indices do not differ much from the normal distribution.

The next part of the study explores statistical significance and the impact of various socio-demographic
factors on the QoL indicator (S). As described in Section 1, we applied the FRMs and BRMs using the
logit and the probit link function. Because beta-regression is designed to model values on the interval
(0,1) we coded values 0 as 0.0001 and values 1 as 0.9999. There were 3 observations with a value of 0 and
60 observations with a value of 1. We considered a number of socio-economic and demographic variables
that can shed light on QoL. Akaike (AIC) and Bayesian (BIC) information criteria were used to compare
alternative models with various sets of explanatory variables. See the Appendix for a description of these
variables.

Table 2 reports the estimation results for the FRMs and the BRMs with logit and probit variants.
We found that for both BRMs, AIC and BIC information criteria clearly indicate the choice of explanatory
variables presented in Table 2, while results for the FRMs are not so explicit - the AIC criterion prefers
the same set of variables used in the BRMs, but the BIC criterion prefers the set of variables without
the variable describing the class of respondents’ place residence. To compare the results obtained with
the various models, we used the same explanatory variables in each of them.

Table 2 Estimates of fractional regression and beta regression models

FRM with logit FRM with probit BRM with logit BRM with probit
Variable link function link function link function link function

b S(b) b S(b) b S(b) b S(b)
Age -0.0293*** 0.0020 -0.0181%** 0.0013 -0.0301%** 0.0023 -0.0187*** 0.0014
Age2 0.0003*** 2E-5 0.0002%** 1E-05 0.0003*** 2E-05 0.0002%** 1E-05
Disability -0.1833%** 0.0186 -0.1126%** 0.0113 -0.1778%* 0.0207 -0.1094%** 0.0126
Association membership | 0.1069%** 0.0190 0.0665*** 0.0118 0.1081%** 0.0218 0.0673%** 0.0136

Civil state

Married Ref. - Ref. - Ref. - Ref. -
Unmarried -0.0293 0.0211 -0.0180 0.0131 -0.0261 0.0251 -0.0160 0.0156
Widowed -0.1383*** 0.0250 -0.0839*** 0.0153 -0.1283%** 0.0258 -0.0779%** 0.0158

Divorced/separated -0.1118%** 0.0344 -0.0693%** 0.0211 -0.1081%** 0.0355 -0.0669%** 0.0218

Education
1 (primary) Ref. - Ref. - Ref. - Ref. -
2 (basic vocational) 0.1935%** 0.0208 0.1184%** 0.0127 0.1886%*** 0.0209 0.1155%** 0.0128
3 (secondary) 0.2813%** 0.0213 0.1730%** 0.0115 0.2929%** 0.0224 0.1803*** 0.0137
4 (higher) 0.4409%** 0.0235 0.2723%** 0.0144 0.4499%** 0.0251 0.2781%** 0.0154
Class of place of residence
Town biggerthen 20000'? Ref. - Ref. - Ref. - Ref. -
Very small town 0.0918*** 0.0204 0.0568*** 0.0126 0.0942%** 0.0227 0.0583*** 0.0135
Village 0.0486*** 0.0152 0.0300*** 0.0094 0.0632%** 0.0181 0.0390%** 0.0112
Regions
Central Ref. - Ref. - Ref. - Ref. -
South 0.0776*** 0.0196 0.0485*** 0.0121 0.0685*** 0.0204 0.0429%** 0.0126
East -0.0721%*** 0.0185 -0.0444%** 0.0114 -0.0742%** 0.0193 -0.0456%** 0.0119

12 Differences between very big towns, big towns, medium-sized towns and small towns were not statistically significant even at the
0.1 level, therefore we used aggregation to towns bigger than 20 000.
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Table 2 Estimates of fractional regression and beta regression models (continuation)
FRM with logit FRM with probit BRM with logit BRM with probit
Variable link function link function link function link function
b S(b) b S(b) b S(b) b S(b)
Northwest 0.0775%** 0.0217 0.0484*** 0.0134 0.0952%** 0.0270 0.0593%** 0.0167
Southwest -0.0022 0.0232 -0.0012 0.0144 -0.0062 0.0246 -0.0038 0.0152
North 0.1254%** 0.0215 0.0778%*** 0.0133 0.1635%** 0.0257 0.1015%** 0.0160
Household type
MC without children Ref. - Ref. - Ref. - Ref. -
MC with 1 child -0.0394* 0.0214 -0.0246* 0.0132 -0.0307 0.0255 -0.0193 0.0158
MC with 2 children -0.0091 0.0227 0.0059 0.0141 -0.0165 0.0259 -0.0105 0.0161

MC with 3+ children -0.0915%** 0.0268 -0.0568*** 0.0166 -0.1014%** 0.0287 -0.0630%** 0.0177

Single-parent -0.1966*** 0.0274 -0.1214%** 0.0169 -0.2086*** 0.0279 -0.1289%** 0.0172
Multi-family 0.0059 0.0250 0.0037 0.0155 0.0199 0.0291 0.0123 0.0180
One-person -0.0583** 0.0267 -0.0365** 0.0165 -0.0802*** 0.0278 -0.0500%** 0.0172
Non-family -0.1390* 0.0764 -0.0973* 0.0471 -0.1672** 0.0750 -0.1047** 0.0462

The socio-economic group

Employees Ref. - Ref. - Ref. - Ref. -

Entrepreneurs -0.0152 0.0307 -0.0090 0.0191 -0.0332 0.0343 -0.0202 0.0213
Farmers -0.0136 0.0228 -0.0084 0.0141 -0.0337 0.0240 -0.0208 0.0149
Retirees -0.0272* 0.0166 -0.0167* 0.0103 -0.0315% 0.0179 -0.0194* 0.0110
Pensioners -0.0742%* 0.0301 -0.0458%* 0.0184 -0.0684** 0.0352 -0.0424** 0.0216
Livingonuneamed sources| —0.1647*** 0.0430 -0.1027%* 0.0263 -0.1663*** 0.0510 -0.1038%** 0.0311
Constant 0.0343 0.0618 0.0210 0.0383 0.0860 0.0709 0.0538 0.0440
Scale parameter - - - - 1.8476*** 0.0254 1.8476%** 0.0254

Note: b are estimates, S(b) - their standard errors. All standard errors are robust (with heteroscedasticity-robust asymptotic variance). * means
statistical significance at 0.10, ** - statistical significance at 0.05, *** — statistical significance at 0.01.
Source: Authors’ calculations

It is evident that most of the explanatory variables are statistically significant at the 0.01 level.
In addition, almost all coefficients in all models have the same sign and statistical significance. This means
that the impact of the socio-economic and demographic variables on quality of life can be interpreted
in the same way for the FRMs and the BRMS. All of the interpretations presented here were made under
the assumption of ceteris paribus.

We have determined that age had a negative sign while its squared term had a positive sign, implying
a U-shaped effect. In other words, people tend to be more satisfied with life when they are younger and
older than when they are middle-aged. A number of other researchers have reached the same conclusion
(Blanchflower and Oswald, 2008; Sanfey and Teksoz, 2007; Pierewan and Tampubolon, 2015). Our
investigation indicates that Poles were the least satisfied with their life at around age 54, a higher age
than the turning point for most developed countries, which is typically in the forties (Blanchflower
and Oswald, 2008).

As in other studies, we found that being a member of a political party or union has a positive effect
on QoL, while being disabled has a negative one (Wang and VanderWeele, 2011; Christoph, 2010).

A widowed individual is likely to be less satisfied than one who is married. The same can be said
of those who are divorced or separated. This confirms the findings of other studies (Sanfey and Teksoz,
2007; Pierewan and Tampubolon, 2015).
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Education may be one of the most important and consistent determinants of QoL. As a human
capital indicator, this covariate predicts the well-being. A number of studies have also investigated the
relation between education and QoL (Betti et al., 2016; Sanfey and Teksoz, 2007). In general, the impact
of education on satisfaction with one’s life is ambiguous across the studies we analysed: there is no clear
correlation. Malesevi¢ Perovi¢ (2010) found a positive correlation, while Clark and Oswald (1994)
uncovered a negative one. Still, others have observed a mixed correlation: Betti et al. (2016) found that
people with a middle level of education were the most satisfied. Finally, Sanfey and Teksoz (2007) stated
that there is no correlation between happiness and education in transition countries. In our study, QoL
tended to rise alongside the level of education.

Also in line with other studies (Gerdtham and Johannesson, 2001; Requena, 2016), our results show
that living in the countryside or in towns with less than 20,000 inhabitants improved the perception of
QoL. Requena (2016) observed that in wealthier countries, rural living standards are high enough to create
a higher level of subjective well-being; while in less developed countries the rural environment cannot
compete with urban resources for creating subjective well-being. Also in agreement with other research,
we found territorial differences in the QoL (Cracolici et al., 2014; Male$evi¢ Perovi¢, 2010). Comparing
the Central Region, where Poland’s capital city Warsaw is located, the South, the Northwest and the North
exhibit significantly better QoL, while the East and the Southwest were perceived as significantly worse
and not significantly worse, respectively.

With regard to type of household, we stated that the composition of the household affected the perception
of QoL. Married couples with three children, single-parent families, non-family households perceived
their situation as significantly worse than married couples. In this respect, we did not find a significant
difference between married couples and the remaining types (i.e. married couples with one child and
with two children and multi-family households). The impact of the composition of the household on
subjective well-being has been confirmed by many studies. For example, Cracolici et al. (2014) found
that couples with no children were better off than others, while Betti et al. (2016) found that one-person
households were in a worse situation than others.

Our results show the impact of a socio-economic group identified on the basis of the household’s
main source of income. Others reported similar findings on the influence of socio-economic group
membership on a subjective perception of QoL (Cracolici et al., 2014; Wang and VanderWeele, 2011).
Setting employees as the reference group, we found retirees, pensioners and those living on unearned
sources other than retirement pay and pension to be in a significantly worse situation, while the
self-employed and farmers exhibited not significantly worse position. The members of households
living on unearned sources other than retirement pay and pensions were often the unemployed and
poor. Such households generally assess various aspects of life with more pessimism than others. Sen
(1997) mentioned a variety of reasons that unemployment may impact the QoL, including a lack of
purpose in life, a lower social status and sense of self-esteem and a reduced sense of freedom and
financial control.

Unlike the studies carried out for data from various European countries (Corazzini et al., 2012;
Pierewan and Tampubolon, 2015), we found that in our study, gender does not reveal different patterns
in explaining QoL.

Because this study is the first to explain QoL through the application of fractional outcome models,
we considered various types of such models. As previously stated, the results concerning the estimates
of significance and the impact of socio-economic and demographic variables obtained by the models
considered in our study are very similar. In the next step we compared the models’ goodness of fit.
The predictive accuracy of the models is assessed using two performance measures: Root Mean Square
Error (RMSE) and Mean Absolute Error (MAE). Models with lower RMSE and MAE more accurately
estimate the QoL indicator.
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Table 3 Values of goodness of fit measures

Goodness of fit FRM with logit FRM with probit BRM with logit BRM with probit
measure link function link function link function link function
RMSE 0.1748 0.1748 0.1756 0.1756
MAE 0.1396 0.1396 0.1406 0.1406

Source: Authors’ calculations

The results reported in Table 3 show that the FRMs exhibit both RMSE and MAE only slightly better
than the respective errors of all the BRMs. It should be also stressed that the Ramsey’s RESET test
reveals no misspecification of the conditional mean function in all estimated models. Thus, it cannot
be determined to what extent one model is superior to another.

CONCLUDING REMARKS

This study has examined a new methodological framework for assessing the subjective perception of
life by using methods of fuzzy set theory proposed by Betti (Betti et al., 2016; Betti, 2017). The main
contribution of this analysis is its application of fractional outcome models to explain the quality of life
through various socio-economic and demographic factors.

The data employed for the analysis came from the ‘Social Diagnosis’ survey conducted in 2015, a good
deal of which was devoted to aspects of personal life. According to Betti’s approach, the ordered data
on subjective assessments were converted by a membership function into a [0,1] interval and then the
synthetic QoL indicator encompassing all the aspects of life under consideration was computed. Because
all of the QoL indicator values lay in the unit interval, we proposed to explain them using fractional
outcome models. We applied a fractional regression model proposed by Papke and Wooldridge (1996)
and a beta regression model developed by Ferrari and Cribari-Neto (2004). We included various socio-
economic variables and demographic factors as explanatory variables: age, gender, education, civil status,
disability, association membership, place of residence, household type and main source of income. We
found that the QoL was U-shaped in age, minimizing around the age of 54. Furthermore, the perception
of QoL increases with education, association membership, and decreases with disability, urbanisation,
and being widowed or divorced. Results of our estimation indicate that the demographic composition
of the household, region of residence and source of income all had a statistically significant impact. Our
findings are largely in line with other studies.

It should be stressed that our study omits sociological nuances of the definition of ‘quality of life’
concept. Our goal is to demonstrate the potential for using modern methods to identify factors affecting
the multidimensional indicator of QoL. The application of fractional outcome models has many advantages.
Such models allow the assessment of whether given socio-economic and demographic factor is associated
with response variable bounded by 0 and 1 while controlling the outcomes overlapping associations
with other explanatory variables. Also, their ability to capture non-linearities is an important advantage.

We hope that our study with using fractional outcome models approach can provide some insight into
the subjective perception of the quality of life. We plan various extensions of our study. Future research
could apply panel data models for controlling unobserved heterogeneity of individuals and monitoring
changes of QoL over time.
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APPENDIX

Table A1 Items in the individual questionnaire concerning respondent satisfaction with regard to particular areas
and aspects of life'

Please, assess the specific areas of your life and state to what extent you are satisfied with them. Please, give your answers by crossing
the box next to the appropriate digit for the given area of life. The specific digits mean:

1 -VERY SATISFIED

2 - SATISFIED

3 - RATHER SATISFIED

4 — RATHER NOT SATISFIED

5 - NOT SATISFIED

6 -VERY NOT SATISFIED

7 - not applicable
To what extent are you satisfied with:

1. your relations with your close family members 10 2o0 30 40 50 60 70
2. the financial situation of your family 10 20 30 40 50 60 70
3. your relations with friends (a group of friends) 1o 20 30 40 50 60 70
4. your health condition 10 2o 30 40 50 60 70
5. your life achievements 10 2o 30 40 50 60 70
6. the situation in the country 1o 20 30 40 50 60 70
7. your housing conditions 10 2o0 30 40 50 60 70
8. the town/city you live in 10 20 30 40 50 60 70
9. your future prospects 10 20 30 40 50 60 70
10. your sex life 10 20 30 40 50 60 70
11. your education 10 20 30 40 50 60 70
12. the manner in which you spend your free time 10 20 30 40 50 60 70
13. your work 1o 20 30 40 50 60 70
14. children 1o 20 30 40 50 60 70
15. marriage 10 20 30 40 50 60 70
16. safety in your town/city of residence 1o 20 30 40 50 60 70

Source: Own construction based on (Czapinski and Panek, 2015)

Table A2 List and description of explanatory variables

Variable Description

Age The individual’s age

Age2 The individual’s age squared

Female 1 if the individual is female

Civil state Four groups of formal civil states are considered:
married 1 if married
unmarried 1 if unmarried
widowed 1 if widowed
divorced/separated 1 if divorced or separated

Education The educational level achieved by the individual is classified as:
1 (primary) primary or lower
2 (basic vocational) basic vocational or lower-secondary

13 All items of questionnaire can be found on the website: <www.diagnoza.com> (Czapinski and Panek, 2015).
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Table A2 List and description of explanatory variables

Variable

(continuation)

Description

3 (secondary)

secondary

4 (higher)

higher or post-secondary

Disability

1 if the individual is disabled

Association membership

1 if the individual is a member of any organization, party or clubs

Class of place of residence

The class of place of residence is divided into urban and rural areas, with urban
areas further subdivided by resident size units:

Very big town

Towns over 500 000 residents

Big town

Towns with 200 000-500 000

Medium-sized town

Towns with 100 000-200 000 residents

Small town

Towns with 20 000-100 000 residents

Very small town

Towns up to 20 000 residents

Village Rural areas
. Regions are the first level NUTS regions of the European Union. They include
Regions f X I
corresponding second-level sub-regions:
Central £6dz, Mazovia
South Lesser Poland, Silesia
East Lublin, Subcarpathian, Swietokrzyskie, Podlaskie
Northwest Greater Poland, West Pomerania, Lubusz
Southwest Lower Silesia, Opola Voivodeship
North Kuyavian-Pomeranian, Varmia-Masuria, Pomerania
Household type was established on the basis of the number of families and
Household type

biological family type

MC without children

married couples with no children

MC with 1 child

married couples with one child

MC with 2 children

married couples with two children

MC with 3+ children

married couples with three or more children

Single-parent

single-parent families

Multi-family multi-family households
One-person non-family one-person households
Non-family non-family multi-person households

The socio-economic group

The socio-economic group is identified on the basis of the household’s main
source of income. The following groups of households are taken into account:

households where the sole or main (dominant) source of income is from

Employees gainful employment in the public or private sector and from performing
home-based work or on the basis of agency agreements
households whose exclusive or main (prevailing) source of income
Self-employed . ; X
is self-employment (other than from private farming)
households where the sole or main (dominant) source of income is from
a farm with agricultural land exceeding 1 ha (including users of plots
Farmers R . A
up to 1 ha of agricultural land and owners of domestic animals but no
agricultural land if the livestock is the sole or main source of income)
Retirees households where the sole or main (dominant) source of income
is a retirement pension
. households where the sole or main (dominant) source of income
Pensioners

is a form of disability welfare support

Living on unearned sources

households where the sole or main (dominant) source of income are
sources other than paid work (except for retirement pension, disability
benefit or other type of pension)

Source: Own construction
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