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Abstract 
 
 
It is usually considered that the proportion of handicapped people grows with age. Namely, the 
older the man/woman is, the more level of disability he/she suffers. However, empirical evidence 
shows that this assessment is not always true, or at least, it is not true in the Spanish population. 
 
This study tries to assess the impact of age on disability in Spain. It is divided into three different 
parts. The first one is focused in describing the way disability is measured in this work. We used a 
former index defined by the authors that distinguishes between men and women. The second one 
is focused in a literature review about the methods used in this paper. This section emphasizes on 
local regression, feed forward neural networks and BARS. Finally, in the last section estimations 
are undertaken. Several methods are used and, therefore, there are fairly differences in the results, 
not only among the methodologies, but also between genders. 
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1 Introduction

Happiness is usually related to a situation in which people have covered their needs and enjoy
of good health, namely, a time in which there is no illness and no physical or mental limitations
to do anything. According to this, good health may be connected to not suffering disabilities.

Disability is an ambiguous term: we can consider medical and social points of views (Jiménez
and Huete 2002). Medical view treats disabilities as a personal problem, due to illness or any
other organic upsets, whereas the social one is worried about the integration in society of
disabled people. In this context, disability can be defined as a gap between a person’s abilities
and environmental requirements. This is an important indicator of health status of people that
has been shown to be strongly associated with mortality, specially in elderly people (Manton,
1988; Ruigomez et al., 1993; Wolinsky et al., 1993; Scott et al., 1997; Lamarcaa et al., 2003). It is
an issue that affects individual, community, neighbourhood, and family (Institute of Medicine,
1991). However, people can acquire disabilities at any point in their lives (Jamoom et al.,
2008). Disability increases the risk of need for home help (Avlund et al., 2001), hospitalization
(Wolinsky et al., 1994, Avlund et al., 2001), nursing home admission (Laukkanen et al., 2000)
and premature death (Jagger et al., 1993).

According to self-reports by people, disabilities are placed among the most important deter-
minants of reduction in quality of life. This is the rationale for trying to develop or maintain a
high quality of life after the acquisition of disability (Kemp, 1999). The critical importance of
improving the well-being of people with disabilities is highlighted in many national health plans.
Self-reported health status is reduced with age and among people with disabilities. Some health
strategic plans in North America, Europe and Japan encourage the use of self-rated health as
a measure to evaluate health status in the population. Factors that may impact self-reported
health status include severity of disability or health condition, type of activity limitations, and
age of the person with disabilities (Kemp, 1999; Trividi et al., 2006). The importance of dis-
ability measured by limitations in performing certain activities of daily living (ADLs) relies on
the fact that it provides a measure of the burden caused by suboptimal health. ADLs have
been extensively used for assessing the need for health services (Fried and Bush, 1988) and
as eligibility criteria for long-term care (Spector and Fleishman, 1998; Stone and Murtaugh,
1990).

Disability is a burden not only to individuals but also to society. It is also an important
public health problem, linked to very substantial costs (Lamarcaa et al., 2003). This factor
encourages the aim to get a right measurement of this phenomenon. It should also be one of
the focuses of all public health policies and programs, trying to cover the whole continuum of
services for preventing this situation and for restoring functional capacity through rehabilitative
measures (Guralnik, 2005).

There are two characteristics that can affect on the impact of disability over people: age and
gender of patients. There is a general idea that usually relates disability with age: the older
the people, the greater the prevalence. In fact, studies of health transitions have suggested that
older age is associated with a greater probability of functional decline and decreased odds of
stability and improvement over time (Crimmins and Saito, 1993; Hogan et al., 1999). As our
society ages, issues related to prevention of functional limitations and disability are emerging
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as a public health priority. Some authors are interested in “age-related disability”(Morris and
Doyle, 2008). The increase in the number of old people is presumably also increasing the
number of old people with disabilities (University of Jyväskylä, 2004).

The effect of age has been studied specially in older people or in small groups of young
people affected by a very specific disability. However, troubles related to disability can appear
in any moment during the lifetime, not only in the third age.

Gender is another factor that can explain the impact of disability. Although the relationship
between sex and disability has been studied for more than 20 years, there is no consensus about
how this factor influences disability and through what mechanisms (Wray and Blaum, 2001). It
is well known that there is a consistently higher prevalence of self-reported disability in women
than in men, yet the independent effect of sex varies with the measures of disability examined
and the covariates considered (Verbrugge, 1985, 1989; Fried et al., 1994; Johnson and Wolinsky,
1994; Merrill et al., 1997; Ferrer et al., 1999). The higher prevalence of disability reported by
women, can be explained because women and men differ in the prevalence or severity of diseases
causing disability, in their reporting of disability, and in their rates of mortality (Fried et al.,
1994; Merrill et al., 1997; Verbrugge, 1985, 1989; Wingard, 1984). However, it is not clear why
the independent effect of sex on disability differs across studies.

Most studies about gender and disability have only examined data on older adults. Compar-
isons of older versus younger age groups (Clark et al., 1997) may also provide insights into the
underlying mechanisms and generalizability of the sex effect on different measures of disabil-
ity and across age groups. While some researchers concentrate on explaining the relationship
between sex and disability, others assume interaction effects by modeling separately men and
women (Johnson and Wolinsky, 1994; Manton, 1988). Leveille et al., (2000) conclude that
the disability incidence has greatest impact on the higher prevalence of disability in women
compared with men.

This paper tries to describe the intensity of disability across the whole lifetime. It does not
intend to analyse the effect of gender on the appearance of this contingency. Instead of, men
and women have been separately studied. In each gender, it has been analysed the impact
of age on the intensity that this contingency may be suffered. To do this, Spanish data from
EDDES 1 were used. This survey was prepared in 2002, but the data were collected in 1999.

The remainder of the paper is set out as follows. Section 2 presents some empirical results
and the disability index that relates the incidence of disability in the population with respect
to their age. Section 3 is focused on the review of the methodologies that have been used in
this paper: local regression, Bayesian spline regression and feed forward neural networks. In
Section 4, the previous techniques have been used to estimate the relationship between age and
the assessing-disability index. We show the main results that were obtained using the different
methodologies. Finally, Section 5 concludes with some remarks.

1EDDES (Encuesta sobre Discapacidades, Deficiencias y Estados de Salud) can be translated as Disabilities,
Impairments and Health Status Survey
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2 Empirical Application: The Impact of Age on a Dis-

ability Index

As it has been pointed out in Section 1, caring disable people supposes a huge amount of
funds. So, this fact encourages to rightly assess this contingency. Accurate measurement of
disability is important not only for individuals but also at a national level. Knowledge about the
prevalence and incidence of disability in the population is essential for anticipating demand for
services and for planning. At the individual level, disability is assessed to determine eligibility
for participation in care programs, and to assist in discharge and care planning (Fleishman et
al., 2002).

One of the most extended methods to evaluate this contingency is asking people about their
health and capabilities to do any activity. That is, the main source of information comes from
self-reports of basic activities of daily living -BADL- (such as mobility and self-care, Katz et al.,
1963) and instrumental activities of daily living -IADL- (such as preparing meals, shopping,
telephoning, managing money, taking medication, Lawton et al., 1969). Nevertheless, there
is no consensus about which activities can be considered as basic and which as instrumental.
So the same activity can be classified into a group or in other depending on the author. For
instance, in RUG-III index, clothing and washing by him/herself are both considered as IADL
whereas in most classifications they are treated as BADL. Other examples can be found in
Barthel Index (Mahoney and Barthel, 1965), where going up/down stairs are considered as
BADL or in the AGGIR scale, which considers that speaking by phone is a BADL.

In order to avoid problems with classifications, the index used in this paper is elaborated
with no distinction between basic or instrumental activities. So, the 36 possible disabilities
are those reflected in the Classification of Impairments, Disabilities and Handicaps (ICIDH )
from 1980. More recently performance-based measures of functioning have been applied to the
assessment of functional limitation and consequent disability (University of Jyväskylä, 2004).

In this paper, self-report data are referred to population registered in EDDES, a survey
made by the Spanish National Statistics Institute with people over 6 years old. Each person
that has been recorded in this survey represents a number of people. So the sum of the all
representation factors is the whole Spanish population over 6 in 1999. According to data in
EDDES, almost 3.5 million people was suffering at least one disability in 1999. However, not
all these individuals are in a similar situation. Most of them can live by themselves and only
a group needs to be helped by a third person. This group is composed by almost 1.5 million
Spaniards in this situation in 1999. A classification of them, dividing by age and gender is
shown in Table 1:
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Table 1: Handicapped people who needs third person aid.
Classification according age and gender

Men Women
Age Number % Number %
Between 6 and 16 22,260 4.6 18,670 1.9
Between 17 and 25 23,910 4.9 90,184 9.4
Between 26 and 50 90,803 18.6 90,184 9.4
Between 51 and 65 78,962 16.2 142,996 14.9
Between 66 and 75 104,631 21.5 233,060 24.2
Between 76 and 85 111,963 22.9 297,412 30,9
Over 86 54,913 11.3 164,967 17.2

Total 487,173 100.0 961,198 100,0

Whole population:
Men 487,173 33.6
Women 961,198 66.4

Source: own elaboration based in EDDES

Information about this group is used to prepare the Disability, Severity and Care Index
-DSCI - (Albarrán et. al 2007) for each age. This index tries to measure the personal situation
in people with any disability who needs to be aided by third person. It is expressed as:

DSCI =

36∑

i=1

Sif (hi)

k
100

where:

Si is the i-th level of disability severity. It can takes values 1, 2 or 3 for moderate, serious or
extreme severity, respectively.

f (hi) is a measure of the hours per week hours of received care. We use the median of weekly
hours of care related to the i-th disability level.

k is the normalization constant. It is the maximum value for the index numerator. This value
is reached when all the disabilities suffered by someone are extremely severe. In that case,

k will be equal to 3
36∑

i=1

f (hi)

Due to the use of this constant, the index value is always between 0 and 1. Statistical
information collected in EDDES about weekly hours has two shortcomings. The first one is
that it is referred to time for caring all the disabilities suffered by someone, no matter how
many of them the individual has. So, it is need to divide this amount of time amongst the
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disabilities. The second problem is that EDDES does not reflects the accurate number of
hours. Instead of, they are grouped into six tranches and the limits among them are 7, 14,
30, 40 and 60 hours. To solve this problem, time for care is measured by the class mark of
each interval. This number is divided by the number of disabilities suffered by the handicapped
person. Replicating this procedure by everyone, it can be obtained the empirical distribution
for time dedicated to each disability and from it, all the main statistics can be estimated (such
as mean, variance or median).

[Insert Figure 1 about here]

Results for Men Results for Women

These graphs show that over lifetime, the index both increases and decreases in value. Based
on this graph, we can define the following phases:

1. An ascending phase since 6 years old to a local maximum at around 20-25 years old

2. A descending phase since 20- 25 years old to a total minimum at around 50-55 years old

3. An ascending phase since 50-55 years old to the end of life at 99 years old

3 Methodological Review

Smoothing methods are used to find the functional expression of the relationship between
a dependent, or response variable, and some predictor variables. Usually, linear functional
functions are applied (i.e. linear regressions) to represent the relationship between dependent
and independent variables. However, other techniques, as smoothing methods, provide a more
flexible approach as they allow complex relationships in data.
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In this paper, we focus in three representative techniques: local regression techniques
(LOESS), Bayesian spline regression and Bayesian feed-forward neural networks. We will briefly
describe them and highlight their properties.

Usually, the simplest estimation technique is to adjust a polynomial regression by raising
an independent variable to consecutive powers. Polynomial adjustment offers simplicity and
easiness of calculation, but it has some shortcomings. For example, if we keep adding powers,
polynomial regressions can lead to a perfect multicollinearity (Marsh and Cormier, 2001). On
the other hand, polynomial regression with lower powers is not flexible enough to adjust to
different changes in slope.

Spline regressions are mathematical models with dummy variables that involve a set of
restrictions about the continuity conditions of the function. In fact, the use of artificial variables
without these continuity conditions may result in gaps (see Pindyck and Rubinfeld (1998),
Smith (1979) and Suits et al., (1978)). In general, it is possible to consider spline regression as
a method that uses a continuous predictor variable defined over some interval on the variable
domain, and a dependent variable that is a continuous function of the predictor in all the
intervals, with different slopes in each of them.

These models are commonly used when the regression line is split into segments separated
by nodes. Each of these nodes shows a change in slope but there are no gaps between them.
This continuity is the main difference between a spline method and a traditional artificial
variable method. These models are commonly used in situations where the norms or some
other phenomena cause gradual changes in the behaviour of the dependent variable. Therefore,
as suggested by Pindyck and Rubinfeld (1998), the first step in the development of these models
is the definition of dummy variables. Their value is zero until they reach the critical point or
node, in which they change to one. The advantage of this regression over the polynomial one
is its flexibility; by using low power, it prevents the probability of perfect multicollinearity of
higher powers. However, the main challenge is the node detection. When it is possible to
determine the position of nodes, then the estimation is constrained. When this is not possible,
then nodes become additional parameters to estimate. Moreover, if we fail to find all the nodes,
it is necessary to use the estimation method proposed and revised by Marsh (1983 and 1986).

Local regressions are an approximation to curves and surfaces by fitting the data through
smoothing. The fit for x is the value of a parametric function fitted by observations around x
(Kendall and Stuart, 1976; Stone 1977; Cleveland 1979; Hastie and Tibshirani 1990; Cleveland
1993). The underlying model in local regression is E (yi) = g (xi) i = 1, . . . , n, where yi are
observations of the dependent variable and xi is the set of independent variables. In general,
the distribution of yi is unknown, and it is necessary to set some hypotheses related to g and
the distribution of yi. For example, it is commonly assumed that yi has a constant variance
and a local approximation of g is performed by a polynomial function of some degree.

The use of local regressions is fairly advantageous. According to Hastie and Loader (1993),
these methods show the following strengths:

(i) They properly solve bias problems in high curvature regions.

(ii) They are easy to understand and interpret.
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(iii) Some methods permit quick calculation of one or more variables.

(iii) They are simple enough to adjust to different hypotheses related to distributions.

(iv) They do not require regularity and smoothness as other methods do, such as boundary
kernel.

(v) If they use ordinary least squares as an estimation method, the estimates are lineal in the
dependent variables.

For local adjustment, it is necessary to define the following elements: polynomial degree,
weighing function, bandwidth and fitting criteria. The first three elements depend on the hy-
potheses related to g, while the last one depends on the hypotheses related to yi. To choose
these elements we do not need any previous knowledge about them, as it is sufficient to per-
form data analysis with graphic diagnosis tools such as coplots, residual-dependence graphs or
residual quantiles (Cleveland 1993).

Several methods can be applied for the bandwidth selection. The most commonly used
are fixed bandwidth and closest neighbour. Local regressions use closest neighbour bandwidth
(Cleveland 1979; Stone 1977), since fixed bandwidth often provides estimators with significant
changes in variance, due to big changes in data density.

Finally, the selection of fitting criteria depends on the distribution of yi. For the normal
distribution, which is the simplest case, the main problem is the lack of robustness and sen-
sitivity of results to the residual distributions in fat tails. In this case, Cleveland and Devlin
(1988), Tsybakov (1986), and Cleveland (1979) suggest the use of locally weighted and robust
locally weighted regressions.

Another option (see Hjort (1995)), is to use Bayesian adaptive regression splines (BARS)
based on a reversible jump technique. It can fit curves with irregular variation and it was
firstly introduced in DiMatteo et al., (2001), where they showed that BARS could reduce the
mean squared error below other existing methods. This kind of regression uses data y1, . . . , yp
obtained at t = t1, . . . , tp, with each yj is assumed to depend probabilistically on f(tj) with
f being a spline having an unknown number of knots at unknown locations xi1 , . . . , xik . The
previous model includes a vector of nuisance parameters xi to indicate generality. BARS is
a Bayesian MCMC -based algorithm that searches for an optimal knot set and it generates a
posterior distribution on the space of splines, obtaining an improved spline estimate based on
model averaging. DiMatteo et al., (2001) showed that BARS has a good behavior with respect
to other non-parametric methods, and it has been used in biological and medical applications
(see, e.g. Kass et al., (2003) and Kaufman et al., (2005)).

Finally we consider, as a third non-linear technique, feed forward neural networks. They are
a semi-parametric alternative to regression modeling, where there may be a complex relationship
between the explanatory and dependent variables. Neural nets have very interesting properties
related with a great adaptability to noisy observations and non-linear modeling (see Bishop
(1995)).

Most work in feed forward neural networks is based on results that assure that these models
are universal approximators as Cybenko (1989) points out. The basic model of a feed forward
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neural network, where a logistic activation function is used, can be expressed as,

yi = b0 + b1x+
M∑

k=1

βk
1

1 + exp{−γk0 − γkxi}
.

In this paper, we will use a Bayesian approach to deal with the inference tasks. Bayesian
inference for neural network models is a fairly well developed topic (for general reviews see Neal
(1996) and Lee (2004)). The parameters of the model are estimated, by using a simulation-
based procedure with a MCMC general algorithm (for a general description see Muller and
Ríos-Insua (1998) and Lee (2004)).

4 Results

Once the index used to assess the relationship between age and disability hs been introduced,
this section is focused in evaluating the effect of age. First of all, we will study if the intensity
of disabilities is the same or not in men and women. To do this task, BARS procedure will be
used.

The BARS method is used under two circumstances. The first one is referred to the level in
the index in men and women. As sample sizes are not small, we can use a Gaussian approxima-
tion to apply a Gaussian process test (see Behseta and Kass (2005)), obtaining an asymptotic
chi-square distribution when the null hypothesis of equality of functions is true. In our data a
p-value equal to 3.060845e-05 is obtained. Therefore, equality between the two curves is not
accepted.

In order to get a higher degree of smoothing, this technique has also been used in the first
difference of the estimated DSCI in both genders. As before, it is obtained an asymptotic
chi-square distribution when the null hypothesis of equality of functions is true. In the first
difference data a p-value close to 0 is obtained. In this case, therefore, equality between these
two curves is not accepted either.

Once the difference between genders has been checked, the next step is the estimation of the
impact of age on the intensity of disability. Two different techniques have been used: LOESS
regression (Cleveland, 1979) and feed forward neural networks.

Estimation with LOESS is done according to the following steps. The first one is to es-
timate the parameter that controls the degree of smoothing, f . Afterwards, index values are
estimated with LOESS using a linear function in age. Furthermore, LOESS is used again on a
second regression of the differences estimated values on age, in order to get a higher degree of
smoothing. Obviously, it is needed again to assess the optimal value of f for this new series.
The results are shown in table 2.

Table 2: Smoothing parameter and standard deviation using LOESS
DSCI ∆DSCI
f σ̂(%) f σ̂(%)

men .15425 4.0744 .05915 0.0856
women .27125 4.2128 .05915 0.0185
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Source: own elaboration

and the estimated values for ∆DSCI are shown in Figure 2:
[Insert Figure 2 about here]

Results for Women Results for Men

With regards to the use of neural networks, the relationship between age and DSCI are
estimated with a general non-linear model consisting in two parts: a linear part plus a one-layer
feed forward neural network. Although feed forward neural nets can uniformly approximate
any continuous function (see Cybenko (1989)), when functions are near linearity estimators in
neural nets converge slowly, and it is better to introduce a linear term (see e.g. Muller and
Rios-Insua (1998) and Lee (2004)).

In this case the feed-forward neural net model with a linear term can be expressed as

yi = b0 + b1x+
M∑

k=1

βk
1

1 + exp{−γk0 − γkxi}
.

where M is the number of nodes. This term has a relevant effect over the smoothness of the
model.

We use a Bayesian approach to estimate the parameters of the model (for a revision of the
technical aspects see Lee (2004)). In order to program the model we have used WinBugs (see
Lunn et al., (2000)) (the code is available from the authors, upon request). We consider, as the
prior distributions of parameters normal distributions with zero means and high variances.

We use data from a previous official questionnaire from year 1986, to find out a sensible
prior distribution of the parameters of the models, related with the official data from the last
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year. The number of nodes, M , has been chosen according to the criteria of minimum deviance
information (DIC ) which is implemented in WinBugs. The preferred model has been that of
M = 2 nodes. Results for that criteria and sum of square errors (SSE) are collected in Table
3:

Table 3: DIC and SSE in Neural Network models

Nodes 1 2 3 4 5 6
DIC 227.432 116.488 142.117 167.839 125.382 127.571
SSE 58.27759 53.03188 54.83788 53.80078 54.69006 53.48059

Source: own elaboration

The corresponding two curves derived from men and women are shown in Figure 3

Results for Women Results for Men

As in LOESS estimation, a neural network model is estimated for increased in disability in
each gender. The results for this case are shown in tables 4 and 5:
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Table 4: estimated parameters for the neural net model applied for first difference Men data

mean std. dev. 2.5% HPD median 97.5% HPD
b0 -0.15 0.03 -0.19 -0.14 -0.10
b1 0.07 0.02 0.04 0.07 0.10
β
1

-0.29 0.04 -0.38 -0.28 -0.23
β
2

1.49 0.08 1.35 1.48 1.65
γ
1

-1.62 0.07 -1.75 -1.62 -1.50
γ
2

-0.69 0.04 -0.75 -0.69 -0.62
γ
01

-0.60 0.16 -0.85 -0.63 -0.30
γ
02

-1.59 0.05 -1.68 -1.59 -1.49

Table 5: estimated parameters for the neural net model applied for first difference Women data

mean std. dev. 2.5% HPD median 97.5% HPD
b0 -0.37 0.02 -0.41 -0.38 -0.32
b1 0.14 0.02 0.11 0.15 0.17
β
1

0.99 0.12 0.71 1.02 1.19
β
2

0.54 0.06 0.40 0.55 0.63
γ
1

-0.63 0.06 -0.75 -0.63 -0.48
γ
2

-0.35 0.07 -0.48 -0.36 -0.19
γ
01

-1.76 0.19 -2.06 -1.80 -1.36
γ
02

-0.32 0.03 -0.37 -0.32 -0.26

The corresponding curves for first differences derived for men and women are those reflected
in Figure 4:

[Insert Figure 4 about here]

11



Results for Women Results for Men

5 Concluding Remarks

The results obtained with estimations suggest that there exist a non-linear relationship be-
tween age and level of disability. However, the estimated parameters are quite sensitive to the
used methodology, LOESS or Neural Network and the parameters estimated in every case are
different for each gender. The intensity of changes in the dependent variable is greater with
feed-forward neural networks. For instance, the expected increase in DSCI in men during the
last years of lifetime is around 2% using LOESS, whereas it is near 5% with neural networks. In
the female case, these increases are 1% and 7% using LOESS and neural networks, respectively.

A common place in literature is the assessment that disability increases with age. However,
the results suggest that this situation can not be always expected. For men and women, the
estimations reflect that a decrease in measured disability can be reached between ages over 20
and under 60 years old, regardless of the method used in estimations. The resulting profile
is similar for both genders: it can be seen an increase from the beginning -6 years old- till
certain age. After this moment, there is a period in which the index decreases and finally, a
new increase is experienced in the index. This last span finishes at the end of the lifetime.
This evolution es similar in both, men and women, when Neural Network are used. However,
it is needed to do a little qualification about this behaviour when men are estimated with
LOESS . In this case, the downward period is broken in two smaller intervals because there
exists a local maximum in increase ∆IDSC near 40 in which the dependent variable is positive
although close to zero. The final increase till the deathtime begins about 60 but, as in the
former interval, this last increasing period is divided into several smaller intervals, because the
increased index experiences two little decreases around 80 and 90. Obviously, after that age, it
can be seen a continuous upward process in the estimated values of the increased DSCI, as in
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the rest of estimations. The age at which the increase in DSCI reaches the expected minimum
value is in a range between 40 and 50 years old, depending on the method used for estimation.
This age is reached before in men than in women when Neural Network is used. In this case,
there no exists significative differences due to gender.
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