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Abstract This paper studies the representativeness of the Continuous Sample of
Working Lives (CSWL), a set of anonymized microdata containing information on
individuals from Spanish Social Security records. We examine several CSWL waves
(2005–2013) and show that it is not representative for the population with a pension
income. We then develop a methodology to draw a large dataset from the CSWL that
is much more representative of the retired population in terms of pension type, gender
and age. This procedure also makes it possible for users to choose between goodness
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of fit and subsample size. In order to illustrate the practical significance of our method-
ology, the paper also contains an application in which we generate a large subsample
distribution from the 2010 CSWL. The results are striking: with a very small reduction
in the size of the original CSWL, we significantly reduce errors in estimating pension
expenditure for 2010, with a p value greater or equal to 0.999.

Keywords Continuous Sample ofWorkingLives ·Public pension system ·Subsample
selection · Stratified sampling · Chi-square test · p value

JEL Classification C81 · H55 · J26

1 Introduction

Selecting a representative sample from the population is a very important factor in
quantitative research given that results obtained from a wrongly selected sample
which is not properly in tune with the object of study cannot be generalized to the
whole population. Moreover, smaller than appropiate sample may not have enough
diversity to enable significant differences or associations potentially present in the
target population to be identified. It is fundamental to make the right choice and
decide on the right way to deal with the dataset, always making sure that it is the
best one for the purposes of the research. Hence, it is important to check that the
sample selected is representative of the target population in terms of demographic
characteristics as well as any others that can affect the results of the study to be
conducted.1

The Continuous Sample of Working Lives (CSWL) is a random sample (RS) of
around 1.2 million people, i.e. 4% of the reference population. It contains admin-
istrative data on working lives, which provide the basis for this sample taken from
Spanish Social Security records, and comprises anonymized microdata with detailed
information on individuals. Izquierdo et al. (2009) point out that this database provides
a unique dataset with very rich information about labour market histories and personal
characteristics, such as nationality, date and country of birth (or province if Spanish),
gender and place of residence when the individual first entered the Social Security
system, along with additional information about the composition of the household
and labour market variables.

The first wave covers people who had an economic relationship with the Social
Security system in 2004, and provides the entire working history (employment, unem-
ployment and retirement) of the sample population. The sample is updated every year
using information from the variables selected from the Social Security system dating
back to when computerized records began, and from other administrative data sources
which record additional information on individuals. Apart from the details given by

1 There are many papers on the representative sample selection issue, including Kruskall and Mosteller
(1979a, b, c, 1980)), Ramsey and Hewitt (2005), Grafström and Schelin (2014), and Omair (2014).
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the institutions responsible for generating the CSWL,2 the data available to researchers
date from 2004 to 2015.3

The sample reference population4 is defined as individuals who have had some
connection (through contributions, pensions or unemployment benefits) to the Social
Security system at any time during the year of reference. This population of reference
makes it possible to select people who on a particular date in that year had no relation-
ship with Social Security, but who did at some time before or after that date in the same
year. This means that the CSWL will contain details about a person who may have
had various relationships with Social Security (unemployed, unaffiliated, contributor,
pensioner), unlike other datasets that only show a single relationship because they
refer to the situation on one specific date in the year.

Individuals are selected from the reference population each year according to
whether their identification codes contain certain randomly-generated figures in the
correct positions. Each year individuals who figured in the previous version of the
CSWL and continue to have a relationship with Social Security remain in the selec-
tion, while new individuals are incorporated if they meet the requirement of having
identification codes containing the randomly-generated figures described above. The
detailed information available on the individuals selected includes work trajectories
(from 1967), contribution bases (from 1980) and/or pensions (from 1996), as long as
it is contained in the Social Security administrative records. Those individuals who for
any reason have no connection to Social Security in a particular year will not figure
in the CSWL.

The CSWL is a dataset that has been used in a considerable number of studies,
especially on labour economics (Treviño et al. 2008; Benavides et al. 2010; Vall
Castello 2012; Bonhomme and Hospido 2013, 2016; Solé et al. 2013; Agliari et al.
2014; Arranz and García-Serrano 2014; Barra et al. 2014 and Nagore García and van
Soest 2016) and the Spanish public pension system (Antón Pérez et al. 2007; Argimón
et al. 2007; Boado-Penas et al. 2008; Moral Arce et al. 2008; Vidal Meliá et al. 2009;
Cairó Blanco 2010; Peinado Martínez 2011; Devesa et al. 2012; Domínguez Fabián
et al. 2012; Meneu Gaya and Encinas Goenechea 2012; Vicente Merino et al. 2012;
Conde Ruiz and González 2013, and Vegas Sánchez et al. 2013). Other studies give
detailed descriptions of its characteristics, advantages and limitations.5

2 MTAS (2006);Ministerio de Empleo y Seguridad Social (MESS), (2016).
3 Researchers can request versions of the CSWL by post from the Dirección General de Ordenación de
la Seguridad Social at the Spanish Ministry of Employment and Social Security (Ministerio de Empleo y
Seguridad Social). A separate request must be made for each version. Requests consist of a user profile
describing the project being carried out and a document accepting the CSWL’s conditions of use. These
are available fromMESS (2016) at the following address: http://www.seg-social.es/Internet_1/Estadistica/
Est/Muestra_Continua_de_Vidas_Laborales/SolicitarM/index.htm.
4 The definition of the population from which the CSWL was taken can be checked in Ministerio de
Trabajo y Asuntos Sociales (MTAS), (2006), pp. 25–29.
5 Argimón and González (2006), Durán and Sevilla (2006), Toharia Cortés et al. (2007), Durán (2007),
García Segovia and Durán (2008), Patxot et al. (2009), Izquierdo et al. (2009), Lapuerta (2010), Arranz and
García-Serrano (2011), López Roldán (2011), Alonso Domínguez (2012), Muñoz de Bustillo et al. (2011),
Arranz et al. (2013), and Pérez-Salamero González et al. (2016).
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Other countries such as the USA and Germany have similar databases but they use
stratification. For example, the US Social Security Administration (SSA) has been
compiling a Continuous Work History Sample (CWHS) since the late 1930s’, which
is a one-percent stratified cluster probability sample of all possible Social Security
numbers. The population, or sampling frame, fromwhich theCWHScases are selected
consists of the 1 billion possible nine-digit Social Security numbers (SSNs). These
digits represent the geographical area of each number allocated, a group for the date
of issue and a random serial number [Smith (1989)]. The numbers are thus stratified
geographically by place of application for SSN and chronologically by the process
of allocation of numbers within each stratum. The information source is the so-called
MEF (Master Earnings File—Olsen and Hudson 2009), which is used to determine
pensions for retirement, permanent disability and widowhood in the US public Social
Security system (OASDI).

Similarly in Germany (Himmelreicher and Stegmann 2008), there is the so-called
sample of insured persons and their insurance accounts (Versicherungskontenstich-
probe, VSKT), which provides longitudinal data that have a high potential for analyses
of employment biographies and pension claims in old age. These data are process-
produced, contain very large samples and allow for differentiated analyses of a variety
of social groups. The VSKT was initially sampled in 1983 as a stratified6 random
sample with disproportional selection probabilities and since then has continued as
a panel containing monthly information on the individuals included in the sample. It
represents 1% of the contributing population.

One important branch of research in pension systems is the problem of global
ageing and the sustainability of public pension systems, referred to hereafter as PPS.
As mentioned above, the CSWL is one of the datasets considered for the purposes
of this research in Spain. In order to analyze Spanish PPS, it is necessary to have
information on relevant variables such as age and gender for each year of reference
as considered in previous studies. These last two factors are essential for correctly
estimating life expectancy, so any study that make estimates of future benefits should
select a sample that is representative of the population in terms of age and gender as
well as type of pension.

With all this in mind, the first objective of the paper is to analyse whether all the
information given by the CSWL on the benefit recipients makes up the best replica of
the study population that researchers can have. To solve this question of how repre-
sentative the CSWL is of the population of pensioners, it is important to carry out a
statistical analysis to determine whether there are significant differences between the
CSWL sample distribution and the population distribution. Even though the researcher
does not have the entire population, the distributions of the population of pensioners
organized by age, gender and type of pension on the last day of each year are available.
Therefore it is possible to carry out a test in order to check whether the CSWL has the
same distribution as the population of pensioners. However, given that the CSWL is
not a stratified sample, it is advisable to check whether it covers the correct propor-

6 Stratification is by gender, nationality, insurance branch of the current account holder and age cohort.
http://www.jpi-dataproject.eu/Home/Database/153?topicId=2.
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tion of the population in each stratum to be considered in the study of the pensioner
population categorized by age, gender and type of pension.

In this paper we conduct such an analysis for the CSWL waves for 2005–2013 and
confirm that there is a lack of representativeness in most years. Given these results
and the fact that it has long been known that a stratified random sample (SR) enables
a more efficient selection to be made when one of the variables in the study of interest
presents great variability, as is the case of the ages of pensioners in the different types
of pension, the first idea that comes to mind is why not use a random sample with
stratification to obtain a dataset that better represents the population of pensioners?

The answer is clear: researchers do not have all the data on the population, so they
cannot extract such a sample. They would have to use a stratified random sample (SR)
contained in the CSWL, but with a considerably smaller size, which would entail a
loss of richness in the information on pensioners’ working lives. Hence it is important
and advisable to develop other procedures in order to obtain larger subsamples with
less reduction in the total number of pensioners than in the SR subsample contained
in the CSWL, and at the same time to make the original CSWL more representative
in terms of pension benefits.

Hence the second objective of the paper is to provide researchers with a novel
methodology for the design of a dataset on pensioners by making the CSWL more
representative of the population in terms of type of pension, gender, and age, and by
trying to miss as few pension records as possible so as not to overlook diversity in
working lives.

Subsample selection is done by finding a feasible solution to a nonlinear optimiza-
tion problem (NLP)7 using mixed integer nonlinear programming with just one real
non-negative decision variable, the constant of proportionality, q, in a stratified sam-
ple design with proportional allocation. Maximizing q is equivalent to maximizing the
size of the subsample and is subject to constraints implied by the fact that the num-
ber of pensioners to be included in each cohort of the subsample has to be a natural
number (non-negative integer) and that the subsample obtained must be included in
the population as well as in the CSWL. The methodology applied uses a goodness
of fit test—Pearson’s chi-square test—in order to make the subsample selected more
representative of the population, providing p values close to 1. This methodology
enables us to obtain quite a large dataset included in the CSWL which is much more
representative of the pensioner population in terms of type of pension, gender, and
age, as would be the case with an SR. In addition, this procedure enables users to
choose between goodness of fit quality and subsample size.

Finally, in order to illustrate the gains obtained with the selection of the subsample,
the methodology is applied to the CSWL for 2010,8 to gauge the improvement in
the estimate of total pension expenditure in different cohorts taking into account age,

7 For an analysis of the problems of NLP see Bazaraa et al. (2006), Bertsekas (1999), Griva et al. (2009),
Luenberger (2003), Meneu Gaya et al. (1998) or Ruszczynski (2006) amongst many others.
8 We chose 2010 because it was the most up-to-date sample when we began our work in early 2012. We
had a long learning curve. It took us nearly two years to program the necessary tests to make an assessment
of its representativeness. Then we started to work with the other samples (Sect. 2) and also found a problem
of representativeness. Moreover, after applying the procedure to 2010 we did the same with other years and
obtained results that are not very different from those for 2010.
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gender and type of pension, even though the main objective is not this but to obtain
the subsample itself for use in any subsequent analysis of the Spanish public pension
system. Given that the lack of representativeness of the CSWL has also been found in
other years, our findings suggest that the same procedure might relevantly be applied
to select subsamples in the other waves of the CSWL.

The structure of the rest of the paper is as follows: Sect. 2 analyses the repre-
sentativeness of the CSWL for the years from 2005 to 2013 with respect to pension
benefits. Section 3 sets out the distribution by type of pension, gender, and age of a
hypothetical CSWL using SR sampling and the distribution of a subsample obtained
by SR sampling using the original CSWL. In this section we show the importance
of stratification as a sort of backtesting. We check whether stratification matters by
looking at the total expenditure estimated using a stratified random sample. Section 4
details the criteria used for subsample selection and the results obtained. The paper
ends with conclusions, pointers for future research and two appendices: the first shows
all the tables and graphs with the estimates of the total expenditure deviations for 2010,
and the second (online) extends the analysis of the goodness of fit of the CSWL to
the population (INSS) for the whole period 2005–2013 and summarizes the problem
statement whose solution provides the distribution of the number of pensioners in
large subsamples which also represent the population better than the CSWL itself.

2 Analysis of the goodness of fit of the CSWL to the population
(2005–2013)

In this section we analyse how well the CSWL pension data distribution fits the pop-
ulation distribution of pensioners at December 31st for the years 2005 to 20139 by
age, gender, and type of pension. The data are available in the statistical reports of
the National Social Security Institute (INSS), though it is important to stress that the
population from which the sample is drawn comprises all those individuals who have
been registered or have received some kind of contributory pension from the Social
Security system at any time during the year of reference, regardless of how long they
were in that situation. It does not therefore coincide with the figure for the popula-
tion at December 31st each year or indeed with the population of pensioners, but is
larger. However, in our study there is a process of post-stratification of the CSWL
with all pensions registered (current) at December 31st being grouped by cohorts for
age, gender and type of pension as of that date. We do not add all the pensions that
were registered at some time during the year but only those which were recorded as
currently registered on December 31st, just as the INSS statistical report for each year
does. The composition of the pensioners population is obtained from INSS (2006–
2007), INSS (2008–11) and INSS (2012–2014). Pensions deregistered during the year
due to the death of the recipient or because the recipient ceased to meet the require-
ments for receiving the pension are not considered on December 31st. The statistics
on the total number of pensioners in the INSS statistical report consider only those

9 We do not use the first version from 2004 because it does not give the month of birth, so it is not possible
to determine actuarial age as in the subsequent versions.
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pensions recorded as currently registered on December 31st, so a comparison between
the distributions of pensioners (by type of pension, gender and age) in the CSWL as
of December 31st and the INSS makes sense, because the moment in time considered
is the same.

In short, the aim of this analysis is to determine whether there are any statisti-
cally significant differences in the weights of the cohorts between the sample and the
population using a goodness of fit test.

To conduct the test it is necessary to conduct a post-stratification of the CSWL
once the sample records with no information on gender or date of birth have been
deleted. The main theoretical reason why the population of pensioners is stratified by
type of pension, gender and age is that there is a different life expectancy for each
pensioner depending on the type of benefit received (retirement, permanent disability,
widow(er)’s, orphan’s and family responsibilities),10 whether the pensioner is a man
or a woman and whether he/she has a given age are taken into account. So in order
to make accurate forecasts when analysing the sustainability of the Spanish public
pension system, in which life expectancy plays a crucial role, those differences have to
be taken into account. Therefore it is very important to have a sample of individuals that
adequately represents the population of pensioners, taking into account these variables.

Another practical reason is that the information available to us about the population
of pensioners is the distribution of this population organized by age, gender and type
of pension. Moreover, the age cohorts considered in our analysis are also given in the
format in which the information is disclosed by the INSS.

Once the data on pensions from the CSWL has been post-stratified at December
31st by type of pension, gender, and age cohorts, we perform a preliminary analysis
comparing the distribution obtained from the CSWL with that of the population for
2005–2013. We use the equivalent table from the statistical report of the Spanish
National Social Security Institute (INSS), once those population records that provide
no information on gender or date of birth have been deleted. We thus compare the
number of pensions in each cohort of the samplewith the same cohort of the population,
to check for differences with respect to the 4% of the population that the sample should
in theory represent.

The ratio between the number of pensioners by cohort in the CSWL and the respec-
tive cohort in the population is calculated. This is a first approach to detect differences
that, given the framework, may be considered significant in practice (Wang 1993).
Table 1 shows the percentage of the population represented for each cohort, pointing
out those cohorts underrepresented with percentages of less than 3% and those over-
represented with percentages greater than 5% for 2010. Similar tables for other years
are provided in theOnlineAppendix.Mere observation of the tableswith these calcula-
tions suffices to detect the presence of the same kind of problem of overrepresentation
and underrepresentation for certain cohorts in almost all the waves analysed.

Analysing the results for the said ratios, it can be concluded that there are cases
in all the years where the figure exceeds 5% or fails to reach 3% of the population,
i.e. where it deviates from the percentage of the population (4%) represented by the

10 This refers to a special type of survivors’ benefits for family members. This benefit is not compatible
with the beneficiary receiving other public pensions.
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CSWL, with some cohorts being considerably overrepresented in relative terms. In all
the years considered the CSWL also contains age cohorts for some types of pension
that present outliers, while in the population those cohorts have no pensions.

The main mismatches are found in permanent disability and widow(er)’s pensions,
and to a lesser extent retirement pensions, in the case of men. The mismatches are
greatest in 2005, 2006, 2008, 2009, 2010 and 2011, and less significant in 2007, 2012
and 2013, given that the number of cohorts more than one fourth away from 4% is
smaller andwhere such differences do exist they are smaller. Hence for the years where
the differences are greater, the statistical test is expected to provide results that support
the existence of statistically significant differences not due exclusively to sample size.

Pearson’s chi-squared test (χ2) is considered as a test of goodness of fit to check
whether the sample follows the same distribution as the population of pensioners as
of 31st December. Goodness of fit tests usually have a given hypothesis as to the
theoretical distribution for the population, which they test using the data observed in
the sample. In the case of the CSWL the distribution of the population of pensioners
by age, gender, and type of pension is known from the statistical report of the INSS
(INSS, 2006–2014).

We use Pearson’s chi-square test, given by:

χ2 =
k∑

i=1

(Oi − Ei )
2

Ei
(1)

in which Oi represents the values observed in the CSWL and Ei the expected or theo-
retical values, i.e. those obtained from the distribution of the population of pensioners
in each of the years considered, 2005–2013, as given by the INSS.

For this test the expected frequency for each cohort needs to be calculated by gender
and type of pension. That is, for a given gender and type of pension we calculate the
relative frequency as the ratio of the number of pensions in each age cohort to the total
pensions for the same gender and type of pension in the population.

To calculate the expected or theoretical values we use the following definition of
the relative distribution of expected frequency for population f̂ :

f̂i, j, k = Ni, j, k∑18
i=1 Ni, j, k

= Ni, j, k

N j,k
(2)

Using this relative frequency, the expected values of the subsample or the absolute
expected frequency for ê in the subsample are:

Ei = êi, j, k = f̂i, j, k · n j,k (3)

where i is the index for the 18 cohorts into which the variable “age” has been divided;
j is the index corresponding to “gender” (male, female); k is the index for the 5
types of pension (permanent disability, retirement, widow(er)’s, orphan’s and family
responsibilities); N j,k : is the number of pension benefits in the population per type of
pension k and gender j ; and n j,k : is the number of pension benefits in the CSWL for
pension type k and gender j .
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For large samples, as is the case with the CSWL, which covers more than 300,000
pensioners in every available year, it is very unlikely that the sample will be a perfect
fit to the population, so the test statistic will show a rejection of the hypothesis that the
sample and the population have the same distribution and conclude that the differences
between the two distributions are statistically significant. Those differences could be
magnified because of the large size of the sample. To overcome this possible error in
the interpretation of the test results (pointed out by Berkson 1938; Wang 1993 and
Lin et al. 2013 among others) it is important to ensure that the differences found are
not due to the large size of the sample, so there is evidence not only of statistical
differences but also of practical ones.

According to Wilkinson (1999), statistical significance refers to whether the effect
observed is larger than would be expected by chance, i.e. can the null hypothesis that
there is no effect be rejected? This is what is typically addressed by p values. Practical
significance is about whether we should care, i.e. whether the effect is useful in an
applied context. Two groups will almost never be exactly the same if thousands or
millions of people are tested. That does not mean that every difference is of interest.
This is usually associated with effect size measures [e.g. Cohen’s d, (Cohen 1988)].

In statistics, an effect size is a measure of the strength of the relationship between
two variables in a statistical population, or a sample-based estimate of that quantity.
An effect size calculated from data is a descriptive statistic that expresses the estimated
magnitude of a relationship without making any statement about whether the appar-
ent relationship in the data reflects a true relationship in the population. Thus effect
sizes complement inferential statistics such as p values. Sample-based effect sizes are
distinguished from test statistics used in hypothesis testing in that they estimate the
strength of an apparent relationship rather than assigning a significance level reflecting
whether the relationship could be due to chance. The effect size does not determine
the significance level or vice-versa. Given a sufficiently large sample size, a statistical
comparison will always show a significant difference unless the population effect size
is exactly zero.

The best measure of association for the chi-square test is ϕ (or Cramér’s ϕ) and
Cramér’s V. ϕ is related to the point-biserial correlation coefficient and Cohen’s d and
estimates the extent of the relationship between two variables (2× 2). Cramér’s Vmay
be used with variables that have more than two levels. ϕ can be computed by finding
the square root of the chi-square statistic divided by the sample size.

ϕ =
√

χ2

N
(4)

Similarly, Cramér’s V is computed by taking the square root of the chi-square
statistic divided by the sample size and the length of the minimum dimension.

V =
√

χ2

N · (k − 1)
(5)

with k = the number of regrouped cohorts.
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Once the hypothesis has been tested in the case of the fit of the distribution by age
for each gender and type of pension, to determine whether the differences found are
statistically significant, the size of the effect is estimated using Cramér’s V, the results
of which enable the preliminary analysis of practical significance to be completed.

Depending on the values of a contingency coefficient such as Cramér’s V it is
possible to determine the size of the effect (Cohen 1988), and it can be used to help
decide whether or not those differences which are statistically significant are due to
the large size of the sample.

The results of the test for per type of pension and gender for 2010 are summa-
rized (Table 2) whereas (the results) for the whole period can be found in the Online
Appendix (Tables 1.9–1.18). It can be observed that they are almost equivalent in most
years, which means that the hypothesis that the CSWL has the same distribution as the
population in most pension benefits (permanent disability, retirement and widow(er)s)
is rejected. However, in pension benefits for retirement the size of the effect is neg-
ligible, so the differences detected can be attributed to the large size of the sample.
The causes of these differences can be attributed to the sample design (simple random
sampling), to administrative errors and to a reclassification of pensioners older than
65 with permanent disability benefits, who are considered as disabled in the CSWL
but as retirement pension beneficiaries in the official population statistics.

In the versions of the CSWL for 2007, 2012, and 2013, the differences found in the
distribution of pensioners receiving permanent disability benefits are due to the large
size of the sample, given that the size of the effect is negligible. This does not happen
in the case of pension benefits for widow(er)s. It has also been detected in those years
that the code assigned to most pensioners over 65 on permanent disability benefits is
changed to retirement benefits, when in the previous years they continued to be classed
as receiving permanent disability benefits. This explains the better fit in 2007, 2012
and 2013. It is worth noting in particular what happens after 2007: the same coding
errors appear in the pensions for permanent disability for pensioners older than 65.

Hence it is concluded that the fit is not good for some types of pension benefit
given that some cohorts are over or underrepresented in the CSWL with respect to the
actual population of pensioners, and contain a number of pensions clearly higher or
lower than the figure expected depending on the proportion of the reference population
represented by the CSWL (4%). The results seem to suggest that for 2005, 2006, 2008,
2009, 2010 and 2011 the CSWL does not fit the distribution of the population well in
terms of type of pension, gender, and age for two types of pension benefit: permanent
disability and widowhood. The mismatch is greater in the former, and the poor fit
is not attributable solely to the large sample size. In other years the null hypothesis
that the CSWL has the same distribution as the population cannot be rejected given
the size of the sample, but there is room for improvement in the cases where the null
hypothesis cannot be rejected, as will be shown in the next section.

These resultsmust be taken into accountwhenmaking forecasts on the sustainability
of the Spanish public pension system using the CSWL, given that we find that for most
years and some types of pension benefit it does not correctly represent the distribution
by age of the contributory pensions in the systemwhose sustainability is to be analysed.
It is concluded that the significance of the differences detected goes beyond a single
year given that they are found for a considerable number of waves of the CSWL.
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Wang (1993) advocates askingwhether these differences are important or significant
in practice too. The answer to this question differs from case to case and according to
the experience of each research team, as there is no statistic for measuring significance
in practice. Hence some researchers may consider an error of 1% to be important while
for others it is negligible, depending on the context and goal of each study.

To estimate the significance in practice of the differences in the distribution of the
number of pensions by cohorts, the total annual expenditure on pensions by cohorts
could be estimated using theCSWLand comparedwith the estimate obtained using the
population, which is known. In addition, if the estimate provided by a sample obtained
using SR can be compared, it would reveal how much margin for improvement there
is in these estimates and hence the significance of the differences found. We seek
to answer these questions below. In particular, if one of the objectives is to use the
data from the CSWL to make forecasts about the sustainability of the Spanish public
pension system, it is advisable to have more representative subsamples based on using
an SR, the characteristics of which are described in the following section.

3 Checking whether stratification matters

When decidingwhat sampling design ismost appropriate for studying pension benefits
and pension expenditure, it is important to know whether it is relevant to divide the
population into levels and groups. To show the real importance of stratification for
the case of the CSWL, in this section a sort of backtesting is carried out. This is a
process widely used in finance, demographics and insurance among other fields. In
our case we want to test our methodology on prior time periods. Instead of applying
the methodology for the time period forward, in which case its effectiveness could
take years to check, our procedure is applied to relevant past data in order to gauge its
usefulness.

We have the information on the distribution of pensioners organized by age, gen-
der and type of pension and we know the number of pensions and the mean pension
expenditure in each group, so in this section we check whether stratification matters
by looking at the total expenditure estimated using a stratified random sample. Given
that we do not have the entire population, we obtain the distribution of pensions of
a hypothetical stratified random sample extracted from the population and estimate
the total annual pension expenditure by cohort at 31st December 2010. This is then
compared with the CSWL to check for any improvement in the estimate and fore-
casts for pension expenditure for 2010 using the hypothetical sample obtained from
the population by stratified random sampling (SR) with respect to the CSWL. An
improvement can be expected because we find that for most years and some types of
pension benefit the CSWL does not correctly represent the distribution by age of the
contributory pensions in the system.

It is clear that stratification is indeed relevant because, for example, the age of
pensioners is a variable that has an important influence when it comes to forecast-
ing expenditure on pensions. As stated above, these variables are also important
in analysing the sustainability of the public pension system, where pensioners’ life
expectancy plays a very important role.
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One of the main goals of stratification is to give a better cross-section of the pop-
ulation so as to increase relative precision. There are several reasons to use stratified
random sampling. Stratification ensures adequate representation of various groups
of the population which may be of interest or importance. The use of stratification
increases the accuracy with which a characteristic of a population can be estimated.
It is achieved by dividing a heterogeneous population into sub-populations, each of
which is homogeneous within itself. When there are extreme values in the population,
stratification ismore powerful because individual stratawill bemore homogeneous and
separate estimates obtained from them can be combined into a precise estimate for the
whole population by taking a relatively smaller sample (Singh and Chaudhary 1986).

Once the strata or groups to be considered are established, the next step is to decide
the sample size in each stratum, i.e. the method of allocation. In this study we have
opted for proportional allocation. This allocation was originally proposed by Bowley
(1926), and it is very common in practice because of its simplicity. When the only
information available is Ni , the total number of units in the i-th stratum, as is the case
here because the number of pensioners in the population in each age cohort by gender
and type of pension is known, a given sample of size n is allocated in the different
strata in proportion to their sizes, i.e. in the i-th stratum:

ni/n = Ni/N → ni = n (Ni/N ) = n (wi ) = Ni (n/N ) (6)

This means that the sampling fraction is the same in all strata and coincides with the
overall sampling fraction, whose value is the constant of proportionality, q = n/N .

The technique of post-stratification consists of classifying the population and the
selected sample into a given number of strata or groups after selection of the sample
as a simple random sample. This is done here by taking the CSWL (simple random
sample) and grouping the data by type of pension, gender and age. The problem of
post-stratification was discussed originally by Hansen et al. (1953), and the technique
is normally applied when the value of the variable used to build the strata is not known
but might be known after the simple random sample has been obtained. This is not
the case with the CSWL, given that the variables used to build the strata or cohorts
(type of pension, gender and age) are known. Following Tryfos (1996), considering
the selection of a simple random sample of individuals, the post stratified estimator for
the population mean of the variable of interest Y once the sampled individuals have
been classified into the M groups is:

Ȳps = w1 Ȳ1 + w2Ȳ2 + · · · + wM ȲM (7)

where wi = Ni/N , and Ȳi is the mean of the variable Y of the sampled individuals in
group i . It is calculated exactly like the stratified estimator ȲS but is based on the results
of a simple -not a stratified- random sample. The weightswi are assumed to be known.
When the size of the simple random sample, n, is large, the proportion of sampled
elements that fall into a given group can be expected to be approximately equal to the
proportion of elements of that groupor stratum in the population, that is,ni/n ≈ Ni/N .
Sowhenn is large, the post-stratified estimator basedon a simple randomsample canbe
expected to behave like a stratified estimator based on a proportional stratified sample.
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These considerations on the data from the population are important in studying the
average age and average pension of the population relative to the same data in the age
cohorts or strata of the CSWL and for the subsequent post-stratification. However,
taking into account that the average means and the average pensions of all the popula-
tion are known for each type of pension, gender and age cohort, the interest is focused
on whether ni/n ≈ Ni/N , even though the CSWL size may be considered large.
The first section of the paper has questioned whether the proportions in the strata or
cohorts of the CSWL are similar to the corresponding ones in the population. Table 3
presents the distribution by type of pension, gender and age that a sample should have
using proportional stratified sampling if it is to be representative of the population of
pensioners with a constant of proportional allocation of, approximately, q = 3.992%.
This constant of proportional allocation is the result of dividing the number of pen-
sion benefits at December 31st contained in the CSWL, nCSWL = 349, 169 (source:
Authors’ Own Calculations based on the CSWL for 2010), by the total number of pen-
sions in the population taken from INSS (2011), N I NSS = 8, 747, 470. The results in
Table 3 total 3 pensions more than in the CSWL because of rounding.

To correctly estimate the dimension of the problems found in our analysis it is
worth highlighting the differences in the relative importance of each type of pen-
sion: retirement, permanent disability and death. For example, in 2010 (see Table 3)
retirement pensions account for 59.48% of the total number of beneficiaries. Gender
really matters: for men the figure is 78.43% whereas for women it is only 41.50%.
Widow(er)s account for 26.31% of the total number of pensions, but for women the
figure is 47.72%, which is even higher than for retirement pensions. In the case of
men the weight of this contingency is much lower at just 3.73% of the total number
of beneficiaries.

Nextwe estimate total annual pension expenditure by cohort at 31st December 2010
for the population and for the CSWL (Table 4). To isolate the effect of the differences
in the distribution of average pension amounts between the CSWL and the actual
population (INSS), we estimate total expenditure for each cohort by taking the average
pension published in the 2010 INSS statistical report. To obtain pension expenditure
for the population (INSS), we multiply the number of pensions by the average pension
for each cohort and by the coefficient (between 12 and 14) for adjusting the total
amount of pensions at December 31st to recognized expenditure in financial year
2010 on each type of pension, as shown in the fourth column (No. INSS adjusted
payments) in Table 4.

To obtain figures for the seventh column in the table [CSWL expenditure (year)],
for each cohort we multiply the number of pensions by the average pension, by the
raising factor (the ratio of population to sample size, 1/q) and by the same coefficient
that adjusts the monthly pension to the pension recognized as expenditure in 2010.
For the case of the SR we proceed in the same way as with the CSWL.

In Appendix 1, Tables 12, 13, 14, 15, 16, 17, 18, 19, 20 and 21 show the expenditure
calculated per cohort using the CSWL and the SR hypothetical sample for each type of
pension togetherwith Figs. 1, 2, 3 based on these tables.With themwe seek to show the
distortion in the estimation of pension expenditure for each type of contingency, gender
and age cohorts caused by using RS instead of SR. Graphically, the improvement in
the estimate of total pension expenditure for all types of pensions and for both men
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and women can be seen, as expected. The fit is worse in the case of SR, where the
size of the sample is small due to the loss of elements in the cohorts, so this originates
greater differences in the forecast of total expenditure for those cohorts.

Table 5 shows the improvement indicators in the estimate of total pension expendi-
ture using the hypothetical SR sample obtained from the population of pensioners. It
shows large reductions in the various measures of error in the estimate of total pension
expenditure using the CSWL compared to the population of pensioners.

The indicators used to measure the improvement are defined as follows:

R_SRMQE: reduction in the square root of the mean quadratic error.
R_SDAV: reduction in the sum of the differences in absolute value of estimated

expenditure by cohort.
MDC:maximumdifference in the estimate of expenditure by cohort as a percentage

of total expenditure by gender and type of pension for the case of the SR sample.
CSWL_MDC: maximum difference in the estimate of expenditure by cohort as

a percentage of total expenditure by gender and type of pension for the case of the
original CSWL.

CE ≤ 0.01%: percentage of cohorts with an error in the estimate of expenditure of
less than 0.01% of total expenditure, in absolute value, for the case of the SR sample.

CSWL_CE ≤ 0.01%: percentage of cohorts with an error in the estimate of expen-
diture of less than 0.01% of total expenditure, in absolute value, for the case of the
original CSWL.

The SR sample obtained seems to be the best at representing the population of
pensioners by age, gender and type of pension, with the larger one being better. The
aim of this research is to extract a large subsample obtained from the CSWL, with a
view to improving its representativeness, and to compare the reductions in the various
measures of error of the estimate of total pension expenditure with those resulting
from the hypothetical SR sample obtained from the population (which researchers
cannot access).

However, the hypothetical SR sample seems not to be contained in the CSWL. For
a research team to obtain a sample of data on pensions such as the one that would
result from the hypothetical subsample using SR obtained from the population, but
using the CSWL instead, the constant of proportionality q would have to be reduced.

We have developed a procedure in Excel VBA (Visual Basic for Applications)
to reduce the constant of proportionality q = n/N , using stratified sampling with
proportional allocation to obtain the largest subsample contained in the CSWL that
could be extracted from the population if available. The result is a sample size of 25%
of the original CSWL sample, up to 87,472 pension benefits representing 0.99999%
of the population of pensioners. This is a considerable loss in pension data on working
lives (previous contributions as well as benefits). Table 6 shows the distribution of this
subsample. In addition, this reduction gives a slightly worse fit than the hypothetical
sample obtained from the population using SR sampling, as can be seen in Table 7.

In short, backtesting is carried out in this section to show the real importance of
stratification for the case of the CSWL. We show, looking at the estimate of total
expenditure, that with an SR sampling a better fit can be obtained by age cohorts,
gender and type of pension. In order to be able to obtain an SR sample from the
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CSWL available and not from the population, the subsample reduces the size to 25%
of the original. In the following section we apply a procedure to select large SR
subsamples, thus improving the fit of the CSWL to the population of pensioners,
bearing in mind that this improvement will not be as great as that obtained using the
hypothetical but unfeasible SR sample from the population, but it may at least be as
good as the improvement offered by the SR subsample of 87,972 pensions extracted
from the CSWL using stratification. The methodology developed has the property of
allowing the user to choose the relationship between the desired goodness of fit to the
population and the size of the subsample.

4 Selection of a large subsample distribution from the CSWL: results

In this section we explain the criteria for the design of a large subsample to be selected
using proportional allocation stratification from the 2010 CSWL data to improve its
representativeness with respect to the number of pension benefits in the population.We
explain the procedure developed for this and the distribution of pensions in a subsample
selected from the 2010 CSWL obtained with this procedure that will improve the fit
with a high p value without missing as many registers as with the SR contained in
the CSWL. Besides that, in order to illustrate the practical significance of our findings
we show the results obtained in its application to estimate total expenditure by age,
gender and type of pension and compare it with those that use the SR hypothetical
sample and the subsample with respect to the CSWL.

The aim is to find a subsample for the more general case of fit to the distribution of
the CSWL to the pensioner population by age, gender and type of pension.

The selection criteria for finding a subsample with the necessary characteristics are
the following:

(a) It must bemore representative of the population under study. The procedure should
therefore include a goodness of fit test on the distribution of the number of pen-
sioners by age, gender and type of pension that takes into account the associated
p values.

(b) The total number of pensioners needs to be relatively high so as to be bigger than
the number that would result from a stratified sample from the CSWL, approxi-
mately 1% of the population of pensioners. Hence the requirement is to maximize
subsample size, with 1% of the pensioner population being the lower limit.

(c) The subsample obtained must be included in the population as well as in the
CSWL. These two requirements might seem obvious, but constraints have to be
introduced to avoid the outliers found in the CSWL but not in the population, i.e.
those cohorts for which the number of pensions is greater than zero in the CSWL
but zero in the population of pensioners. It is also important to have a number of
pensioners in each cohort of the subsample that is lower than or equal to that of
the corresponding cohort of the population.

The details of the method used to find the subsample design are explained in the
Online Appendix. This is a nonlinear programming problem with just one real non-
negative decision variable: the constant of proportionality, q = n/N . When the only
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Table 8 Summary of results.
Source Authors’ own
calculations

pvaluemin nSU B q̂%
(
nSU B/nCSWL

)
%

0.8000 324,986 3.715 93.074

0.9000 320,825 3.668 91.882

0.9500 317,773 3.633 91.008

0.9700 315,887 3.611 90.468

0.9800 314,555 3.596 90.087

0.9900 312,172 3.569 89.404

0.9990 302,907 3.463 86.751

0.9995 297,865 3.405 85.307

0.9999 247,457 2.829 70.870

information is Ni, i.e. the number of elements in each stratum, the allocation or assign-
ment to each stratum in the sample is proportional to the size of the stratum, i.e.
ni = ( n

N

)
Ni = q Ni .

Maximizing q is equivalent tomaximizing the size of the subsample.Without taking
into account the integer constraints we have:

Max
q

{q} → max
q

{
q · N I NSS

}
→ max

q

{
nSU B (q)

}
(8)

If the integer constraints with respect to the number of pensions in any cohort
are taken into account, what we are really considering when we maximize q is the
maximization of q̂ , the adjusted constant of proportionality, so this is what is finally
considered:

Max
q

{q} ↔ max
q

{
q̂
}

with q̂ =
∑5

k=1
∑2

j=1
∑18

i=1 n
SU B
i, j,k (q)

∑5
k=1

∑2
j=1

∑18
i=1 N

I NSS
i, j,k (q)

=
∑5

k=1
∑2

j=1
∑18

i=1 Trunc
[
q · N I NSS

i, j,k (q)
]

∑5
k=1

∑2
j=1

∑18
i=1 N

I NSS
i, j,k (q)

(9)

In order to make the selected subsample more representative of the population, a
goodness of fit test has to be considered. The procedure takes into account that the
value of the test for the subsample to be selected is such that it does not reject the null
hypothesis (the subsample has the same distribution as the pensioner population at
31st December 2010), by contrast with the alternative hypothesis (the subsample does
not have the same distribution as the pensioner population at 31st December 2010).
The goodness of fit test used is Pearson’s chi-squared test as explained in Sect. 2 of
the paper.

Table 8 shows the results of applying the above procedure to the CSWL. A large
subsample design is generated, improving the fit to the distribution of the population
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Table 10 Comparison of results of the goodness of fit test: p value. Source Authors’ own calculations

Type of pension CSWL SS SR subsample SR sample

Permanent disability male 0 1 1 1

Permanent disability female 0 1 1 1

Retirement male 0 0.9999191 1 1

Retirement female 0 0.9995441 1 1

Widower’s 0 1 1 1

Widow’s 0 1 1 1

Orphan’s male 0.4624223 1 1 1

Orphan’s female 0.5618020 1 1 1

Family responsibilities male 0.4084868 0.9990003 0.9999445 1

Family responsibilities female 0.8416536 0.9999963 1 1

Total pensions 0 1 1 1

Subsample (SS) with p value ≥ 0.999

of pensioners, with high p values of the test. There are feasible solutions with sizes
ranging from 93.074% of the CSWL, associated with a minimum p value of 0.8, to
70.87% of the CSWL with a p value of 0.9999.

It has been proved that the subsample obtained is included in the population and
in the CSWL. Therefore, given the values of the goodness of fit test and the fact that
the subsample is well over 1% larger than the subsample obtained using stratified
sampling, it is sure to meet the objective of finding bigger subsamples that are more
representative than the CSWL.

As an example, Table 9 shows the theoretical distribution of the subsample that
provides a goodness of fit test with a p value of ≥ 0.999.

Tables 22, 23, 24, 25 and 26 inAppendix 1 show the differences in the estimated total
expenditure on pensions between the population and a large size subsample obtained
for a p value greater or equal to 0.999 for each type of pension, gender, and age cohort.
A major reduction in errors can be seen in the estimation of pension expenditure with
a very small reduction in the size of the original CSWL.

Table 10 shows the p values for the 10 cases considered (5 types of pension by
2 genders) for the goodness of fit test for pensions in the subsample obtained using
this procedure (SS) compared to the pensions in the CSWL, along with the subsample
design selected from the CSWL using stratification (SR subsample, Table 6) and the
hypothetical sample extracted from the population using stratified random sampling
(SR sample, Table 3). Obviously the values in the subsample obtained by the procedure
designed are lower than those obtained with the SR sample and subsample, but the
differences with the latter are almost non-existent. It is therefore possible to find
subsamples contained in the CSWL and in the population that have a better fit and
many more observations than would be provided by a stratified random sample taken
from the CSWL.Overall, the distribution of total pensions is adjusted to the population
using Pearson’s goodness of fit test using a p value of 1, as in the SR sample and
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subsample. More important in the improvement in forecasts for pension expenditure
are the differences found by type of pension and gender.

Table 11 shows the improvement indicators in the estimate of total pension expen-
diture using the subsample obtained with a p value greater than 0.999 as well as those
that use the SR hypothetical sample and subsample with respect to the CSWL.

It can be seen that the subsample (SS) obtained by the procedure greatly reduces the
errors in the estimation of total expenditure in each cohort of theCSWLconsidered and
that in many cases it improves on the reductions given by the SR subsample (SRSS)
contained in the CSWL, which was 1% of the population. Obviously it does not reach
the results obtained with the best possible sample of similar size to the CSWL, which
would be obtained using an SR sampling from the population.

The estimation errors in pension expenditure by contingency, gender and age cohort
of the SR subsamplewith a size of 87,472 benefits, and those of the subsample obtained
with a p value greater than 0.999, which numbers 302,907 benefits, are much smaller
than those obtained with the original CSWL, but somewhat lower than those from the
sample obtained by the procedure proposed. However, this last sample is 3.462 times
bigger, which is a great advantage for forecasting given the diversity in working lives
for any subsequent analysis of the sustainability of public pension systems.

5 Summary, conclusions and future research

The CSWL is a set of anonymized microdata taken from Spanish Social Security
records. The availability of this data has marked a turning point for studies on the
Spanish public pension system since it has given researchers access to very valu-
able information about individuals that enables them to examine in depth numerous
aspects of the pension system that had previously been ignored. However, the CSWL
is obtained using a simple random sample (RS), so its fit to the population in terms
of age, gender and type of pension is worse than would be obtained using stratified
random sampling (SR) with proportional allocation. In this paper we examine how
representative the CSWL data is of pension benefits. The results show that it does not
fit the distribution of the population of pensioners by age and gender in two types
of benefit: permanent disability and widower’s benefits for the case of men; there is
also a mismatch to a lesser extent regarding retirement pensions. These mismatches
are bigger for 2005, 2006, 2008, 2009, 2010 and 2011, and smaller in 2007, 2012
and 2013 due to the correction of a codifing error in permanent disability benefits for
persons over 65. It is hard to understand why the error reappears after the correction
in 2007.

We check the effects of this poor fit of the CSWL to the pensioner population in
terms of pension benefits by estimating the annual total pension expenditure by cohorts
obtained from the CSWL and the figure that would have resulted from a hypothetical
SR. Given that researchers cannot access full data on the population, they are unable
to obtain an SR sample and must resort to an SR subsample smaller than the CSWL
and contained within it. The problem is that the reduction in size is considerable, so
richness in pension types is lost.
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For the reasons indicated, it can be said that it is advisable to use other procedures
to select large size subsamples, so the representativeness of the original CSWL is
improved with less reduction in the number of pensions. With the methodology devel-
oped, large subsamples can be obtained that pass the χ2 test giving p values near 1, so
it can be concluded not only that it is feasible to find a large dataset selected from the
CSWL that better represents the population of pensioners but also that it is possible
to draw up a procedure for extracting subsamples from the CSWL with a good fit to
the population of interest by type of pension, gender and age.

Apart from the problems described, the CSWL is a powerful dataset whose size
enables representative large subsamples to be extractedwhich emulate thewhole popu-
lation of pensioners. This is taken into account in formulating and solving optimization
problems to obtain feasible solutions (contained in the population and in the CSWL)
that more or less meet the goodness of fit requirements in terms of a p value chosen
by the researcher, with sizes ranging from 70 to 93% of the original.

According to our findings, it can be said that studies conducted using subsamples of
data on pension benefits from theCSWLobtained usingSR samplingwith proportional
allocation taking into account the known distribution of the population should not
give rise to doubt as to how well the CSWL represents the population. However,
those which use data on pension benefits selected from the CSWL without checking
that they are representative may produce conclusions based on age cohorts which
are overrepresented or underrepresented in the subsamples with respect to their real
weight in the population.

Last but not least, we would like to emphasize that this research meets the condi-
tions for reproducibility. Boyland (2016) establishes the guidelines for a paper to be
recognized as “reproducible”: the most important are that the data used in the anal-
ysis should be accessible to other researchers and that the algorithms or methods of
analysis should be specified in the manuscript in sufficient detail to allow the results
to be reproduced. This is our case: any research team can replicate the procedure for
selecting more representative large subsamples from the CSWL.

A further line of research directly related to the results of this paper would be to
consider another variable in the design and selection procedure for large size subsam-
ples plus the number of pensions, such as the amount of the pensions selected. The
objective would be to find a dataset that fits the population as well as possible, taking
into account not only the number of pensions but also the average pension amount per
cohort of the population, the data for which is also known.

Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0 Interna-
tional License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license, and indicate if changes were made.
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6 Appendix 1. Estimate of total expenditure on pensions from
expenditure at 31st December INSS and CSWL 2010

In Tables 12, 13, 14, 15, 16, 17, 18, 19, 20 and 21 the information provided is repre-
sented by the following terms:

SRMQE: Square root of the mean quadratic error in the differences in pension
expenditure obtained by comparing the population of pensioners (INSS) and the sam-
ple (CSWL).

SDAV: Differences in absolute value of expenditure estimated by cohort obtained
by comparing the population of pensioners (INSS) and the sample (CSWL).

(SDAV /INSS)%: Differences in absolute value of expenditure estimated by cohort
as a percentage of total pension expenditure for the population of pensioners for the
case of the CSWL.

SRMQE *: Square root of the mean quadratic error in the differences in pension
expenditure obtained by comparing the population of pensioners (INSS) and the strat-
ified random sample (SR).

SDAV *: Differences in absolute value of expenditure estimated by cohort obtained
by comparing the population of pensioners (INSS) and the stratified random sample
(SR).

(SDAV*/INSS)%:Differences in absolute value of expenditure estimated by cohort
as a percentage of total pension expenditure for the population of pensioners for the
case of the SR.

In Tables 22, 23, 24, 25 and 26 the information provided is different because the
three last indicators are replaced by the following:

SRMQE **: Square root of the mean quadratic error in the differences in pension
expenditure obtained by comparing the population of pensioners (INSS) and the large
subsample (Sub-m).

SDAV **: Differences in absolute value of expenditure estimated per cohort
obtained by comparing the population of pensioners (INSS) and the large subsam-
ple (Sub-m).

(SDAV **/INSS)%: Differences in absolute value of expenditure estimated per
cohort as a percentage of total pension expenditure for the population of pensioners
for the case of the Sub-m.
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Fig. 1 Comparing CSWL and SR. Total pension expenditure error (e) for permanent disability and retire-
ment, 2010. Source Authors’ own calculations
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