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SUMMARY

One of the dimensions of a pension system’s performance is coverage. In most countries,
pension systems require a minimum number of years of contribution as part of their eligi-
bility requirements. For example, in Argentina, a minimum of 30 years of contributions is
required. Therefore, it is not enough to study what percentage of the target population is
covered at a given time; it is also necessary to study employment histories over a consid-
erable period of time. Sometimes, developing countries do not have sufficient information
for this purpose, but they incorporate new information as they digitize their records. The
Bayesian approach can be useful in these cases where information is limited but regularly
updated. The objective of this paper is to demonstrate the usefulness of the sequential
Bayesian approach for estimating the proportion of workers eligible to retire in Argentina
year after year. It is observed that as more information is incorporated, the proportion of
people who remain active contributors (and, therefore, eligible for a pension) decreases.
This implies that, for any individual, the probability of meeting the contribution require-
ment decreases as time passes from the first month of contribution. At the end of the process
(once all available information has been incorporated), the Bayesian proportion estimate is
different from that obtained with a frequentist approach, which is explained by the im-
portance of a priori information provided by prior knowledge about the phenomenon. This
type of sequential estimation exercise may be of interest to social security decision-makers.
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1 Introduction

According to the International Labour Organization (ILO), one of the dimensions of a pension sys-
tem’s performance is its coverage, (ILO, 2011), that is, what percentage of the target population is
covered by the system. In this sense, the target population of a pension system is not only older
people, but also people of working age, since in order to be entitled to a pension there are generally
contributory requirements (having contributed for a minimum period of time). In Argentina, for
example, to be entitled to a pension, 30 years of contributions are required, in addition to having
reached a minimum age (60 years for women and 65 for men). Thus, it is not only important to eval-
uate coverage at a given point in time (what proportion of active people contribute to the pension
system at time t), but also what is the contributory density to the pension system (what proportion
of people have managed to accumulate sufficient contributions to be entitled to a pension). In this
sense, although there are numerous studies that study the performance of the Argentine pension sys-
tem in terms of its coverage (Arza, 2012, 2016; Bertranou and Bonari, 2005; Bertranou and Rofman,
2001; Bertranou and Casanova, 2011; Rofman and Ourens, 2009), few studies focus on contributory
density (Rofman and Oliveri, 2012; Geri and Villarreal, 2025).

The objective of this work is then to estimate the proportion of people eligible to retire in Ar-
gentina using a Bayesian approach. This approach has the strength of not assuming repeated exper-
iments as the classic frequentist approach assumes, (Johnson et al., 2022). This is interesting for
most studies in social sciences where there are no repeated experiments under the same conditions,
but rather there are events that are more or less plausible.

In turn, this approach admits that decision makers usually have at their disposal a considerable
set of knowledge (a priori information), in addition to the specific observations that are analyzed
at a given time. Such information is completely discarded under a classic frequentist approach,
(Moore, 1966). In contrast, the Bayesian approach allows the probability of an event occurring
to be estimated based on a priori knowledge about the phenomenon and current information (data
set). In fact, some frequentist results can be seen as particular cases of Bayesian analysis when the
distribution of prior information is non-informative, (Luque and Sosa, 2024). Finally, in studies such
as these, the information (data set) is usually updated over time as new generations enter the labor
market. Thus, the entity that administers the system is interested in knowing how the parameters
evolve over time as the years go by, without losing past knowledge about the phenomenon. For
this reason, it is useful to adopt a sequential approach that allows us to estimate what proportion
of people will be able to retire next year, updating our a priori knowledge with new data about the
effective contributors during the last years.

2 Data and Methods

2.1 Data

The Bayesian approach requires a priori knowledge and a set of data. As a priori knowledge, we
will rely on previous studies. In this sense, Rofman and Oliveri (2012), claim that only 20% of
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pension system members had sufficient regularity of contributions to be entitled to receive a pension
in Argentina between 1994 and 2003.

The database from which we will extract information is the Longitudinal Sample of Registered
Employment (MLER by its acronym in Spanish) which is updated periodically by the Ministry of
Labor, Employment and Social Security (MTEySS by its acronym in Spanish). The first version
of this database was published in 2018 and contained information on the work histories of about
500 thousand individuals between 1996 and 2015. In 2022, it was updated to extend the period
and currently covers 1996-2021. The sample is representative of the population of pension system
members who have the following characteristics: they are employees and belong to the private sector.
This means that this data does not represent independent workers or public sector employees. In
addition, the database only records people who have made at least one month of contributions, which
is why it does not represent people who have worked their entire lives under informal conditions.
The key variables of database are the gender, de age, the month and year of contribution and the
contributor status. With this information, the variables of interest are constructed for each analysis
window: i)N : “Total number of contributors” and ii) Y : “Number of contributors who contributed
during at least 80% of the months that make up the window”.

Since the objective would then be to estimate the proportion of workers (private sector employ-
ees) who will be able to retire next year and knowing that the database is updated with a certain
periodicity, we work with successive windows that go from the moment t to moment tv (to simu-
late what happens in reality as the information is updated). Each window adds an additional year
of observation to the previous window: in the first window we observe only 1996, in the second
1996-1997 and so on until we end up observing the entire period 1996-2021. In this way, in all the
windows t0 corresponds to January 1996 and tv is December of every year between 1996 and 2021
(26 windows).

To select the N individuals in each window, we filter out those workers who will reach the
minimum retirement age in the year after the upper limit of each window (tv) (men aged 65 and
women aged 60) and we observe what proportion of them have sufficient regularity of contributions.
In this sense, following Rofman and Oliveri (2012), we understand that sufficient regularity implies
having contributed to the system for at least 80% of the months of the window. Thus, for example,
having contributed at least 10 months is sufficient to have sufficient regularity of contributions during
the first window, while in the last window at least 250 months are required. This will make the
requirement of regularity of contributions more difficult to achieve as the successive windows go
by (since each time a longer period is considered and it is more likely that people will suffer some
interruption of work).

We focus on estimating the proportion of individuals reaching contribution regularity right before
attaining retirement age, assuming that these individuals will become eligible in the subsequent year.
In this sense, the pension system administrator is interested in knowing what the system’s implicit
debt will be year after year (the flow of new workers eligible for retirement).
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2.2 Methods

We define Yi as a binary random variable that takes the value 1 if worker i has sufficient regularity
of contributions and 0 otherwise. Thus, Yi ∼ Ber(θ), with probability function

P (Yi = y|θ) = θy(1− θ)1−y, (2.1)

being θ = P (Yi = 1).
Since the proportion θ will be subject to fluctuations that are explained by changes in the charac-

teristics of individuals and also by events that affect the economic situation (public policies, national
and international crises, commodity prices, etc.), we can consider it as a random variable that can
take any value between 0 and 1.

The first step is to propose a distribution that is flexible enough to model our beliefs about θ,
taking into account the a priori information and some credibility in it. One of the models that is
often used in problems related to proportions is the Beta distribution, which, like θ, is continuous
and assumes values in the interval [0, 1].

We then model the variability in θ ∈ [0, 1] with a Beta distribution with parameters α > 0 and
β > 0:

θ ∼ Beta(α, β),

whose probability density function (p.d.f.) is:

f(θ|α, β) = Γ(α+ β)

Γ(α)Γ(β)
θα−1(1− θ)β−1I[0,1], (2.2)

where Γ(z) is the Gamma function defined by Γ(z) =
∫∞
0

xz−1e−xdx.
To solve for the parameters α and β of the prior Beta distribution, we use the moment-matching

method:

µ =
α

α+ β
, (2.3)

σ2 =
αβ

(α+ β)2(α+ β + 1)
, (2.4)

where µ is the expected value and σ2 the variance of the prior distribution for θ.
Given the expected value and variance derived from expert knowledge or previous studies, equa-

tions (2.3) and (2.4) can be solved simultaneusly to obtain values for α and β:

α = µ

(
µ (1− µ)

σ2
− 1

)
and β = (1− µ)

(
µ (1− µ)

σ2
− 1

)
. (2.5)

The p.d.f. of Beta(α, β) takes different forms depending on the values of its parameters α and
β. Thus, for example, the uniform distribution is a particular case of the beta distribution with
α = β = 1. Furthermore, when α = β, the distribution is symmetric around 0.5 and the larger α
and β are, the more the probability density will be concentrated around a point. Finally, whenever
α < β the highest probability density is concentrated on the left side and the opposite occurs when
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β < α. Thus, the values we assume for α and β must be based on beliefs about the behavior of θ.
For example, if we believe few people have regular contributions, α < β, and if we believe most do,
α > β. A symmetric prior (α = β) reflects uncertainty or neutrality.

Second, the problem data are used to collect new information about θ. When modeling the
dependence of Y given a value of θ that we assume to be constant, we assume that the observations
are independent, then

Y |θ ∼ Bin(N, θ),

with conditional probability distribution function f(y|θ) defined for y ∈ {0, 1, . . . , N}

f(y|θ) = P (Y=y|θ) =
(
N

y

)
θy(1− θ)N−y. (2.6)

This function allows us to answer the following question: given our belief about θ, how many of the
N formal workers in the sample are expected to have sufficient regularity of contributions?

Looking at the data Y = y, where y ∈ {0, 1, . . . , N}, the likelihood function of θ, L(θ|y) is
then obtained by replacing the value of y into the binomial distribution function given by equation
(2.6), thus obtaining a mechanism for determining how likely a given value of θ is, given our data.

The final step is to update our beliefs about θ by applying Bayes’ theorem as follows:

f(θ|y) = f(θ)L(θ|y)
f(y)

∝ f(θ)L(θ|y), (2.7)

where f(y) is the normalization constant that does not depend on θ. Note that the probability
of an unknown parameter θ assuming a certain value if the data (y) are given is proportional to
the product of the initial probability of θ by the probability of θ given y. Proportionality here
means proportionality when considering y as fixed; if a different data y were observed, there would
naturally be a different proportionality constant, (Moore, 1966).

Thus, since the pdf is proportional to the product of the prior function and the likelihood function,
it is not necessary to calculate f(y). Then, replacing in equation (2.7) the expression for f(θ) and
L(θ|y) given in equations (2.2) and (2.6), respectively

f(θ)L(θ|y) = Γ(α+ β)

Γ(α)Γ(β)
θα−1(1− θ)β−1

(
N

y

)
θy(1− θ)N−y.

Thus, f(θ|y) ∝ θ(α+y)−1(1− θ)[β+(N−y)]−1 is represented by its structural dependence on θ; that
is, its kernel. In this sense, the posterior distribution can be described by a Beta(α+y, β+(N−y))

model that reveals the influence of the prior function (α and β) and the data (N and y). In addition,
the expectation and variance are obtained as

E(θ|Y=y) =
α+ y

α+ β +N
,

V ar(θ|Y = y) =
(α+ y)(β +N − y)

(α+ β +N)2(α+ β +N + 1)
.
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And thus the Bayesian Beta−Binomial model is defined for the proportion θ ∈ [0, 1]:

Y |θ ∼ Bin(N, θ), θ ∼ Beta(α, β), θ|Y = y ∼ Beta(α+ y, β + (N − y)).

This model is applied sequentially as many times as there are observation windows. In the
first window, a priori information provided by previous studies is used; in the second window, the
posterior distribution obtained in the first window is used as a priori information, and so on until
the 26 windows are complete. For clarity, Figure 1 includes the following flow chart illustrating the
process:

Figure 1: Flow chart of the Bayesian sequential approach

Finally, credibility intervals can be constructed in each window. A credibility interval provides
a range of plausible posterior values of θ and, therefore, a summary of both the posterior central
tendency and the variability. For example, a 95% credibility interval for θ is constructed using the
2.5th and 97.5th percentiles of the posterior distribution. Thus, there is a 95% posterior probability
that θ lies in the interval found, i.e.

P (θ ∈ (θ0.025, θ0.975|Y = y) =

∫ 0.975

0.025
f(θ|y)dθ = 0.95.

3 Results
We can assume that the expected value of θ will take a value close to 0.2; that is, E(θ) = α

α+β ≈ 0.2,
which is equivalent to α ≈ 1

4β. Regarding the variance of θ, Arroyo Bravo et al. (2022), analytically
demonstrate that for the parameters α and β to belong to the interval (0,∞), the following must be
fulfilled:

µ(1− µ)

σ2
− 1 > 0, σ2 < µ(1− µ).

So, for α and β to be positive, µ can take any value within the interval [0, 1]. However, the parameter
σ2 cannot take any value in that interval, since, if the imposed condition is not met, α and β could
have negative values. This leads to the conclusion that σ2 ∈ [0, µ(1 − µ)] and then σ2 depends on
the values that µ can take.

In this case, a standard deviation of 0.05 is chosen; that is,

SD(θ) =

√
αβ

(α+ β)2(α+ β + 1)
≈ 0.05.

With these assumptions, we conclude that a reasonable a priori model to model θ in the first window
is θ ∼ Beta(12.6,50.4), with p.d.f

f(θ) =
Γ(63)

Γ(12.6)Γ(50.4)
θ12.6−1(1− θ)50.4−1I[0,1].
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The posterior distribution resulting from the first window functions as the prior distribution for
the second window, and so on. Figure 2 shows the three distributions in the first four windows. It can
be observed that as the windows become larger (they cover longer periods), the posterior distribution
becomes closer to the prior distribution because the information provided by the data begins to have
greater relative weight.

Figure 2: Beta-Binomial Model (first four windows)

As stated before, in each of these windows it is possible to construct credibility intervals. For
example, in the first window the credibility interval is [0.60, 0.67], indicating that the proportion
of private sector workers eligible for retirement would be between 0.60 and 0.67 if we only had
information from the first window. The sequential analysis allows us to update our knowledge
sequentially until we obtain the credibility interval for the last of our windows: [0.23, 0.24]. As can
be seen, at the end of the process we obtain more precise intervals that, in our case, are more similar
to the a priori information coming from the knowledge of experts on this phenomenon.

Figure 3 shows the evolution of the subsequent estimate of the mean at the end of each window.
Although the proportion estimated a posteriori using the Bayesian approach is approaching the pro-
portion estimated using a frequentist approach as the data set grows, it is important to mention that
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Figure 3: Posterior average proportion of workers eligible for retirement and its credibility interval
at each t

both estimates differ at the end of the window (the frequentist estimate would be 7 percentage points
lower than the Bayesian one). This means that, although the a priori information is weighing less
and less in the estimate, it still has some influence.

4 Conclusions

The Bayesian approach is more appropriate for some social science problems where there are no
events that result from repeated experiments, but simply events that are more or less plausible.

In this paper, a sequential Bayesian approach was adopted to estimate the proportion of private
sector workers eligible to retire next year in Argentina, given a priori knowledge and a set of updated
data on the phenomenon. It was found that as the information is updated and accumulated (increas-
ingly wider observation windows), the posteriori proportion gets closer to the a priori information
from expert knowledge. In turn, the credibility intervals become increasingly precise. In addition,
although the a priori information loses weight in the estimate as the information from data increases,
it still has an impact to some extent, yielding values different from those that would be obtained with
the frequentist approach. These data analysis tools would be extremely useful for decision-makers
in the field of social security, as they would allow knowledge about the phenomenon to be updated
without losing past knowledge.
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Received: April 25, 2025

Accepted: September 17, 2025


	Introduction
	Data and Methods
	Data
	Methods

	Results
	Conclusions

