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Research Article

Incorporating subjective survival information in mortality and
change in health status predictions: A Bayesian approach

Apostolos Papachristos1

Dimitris Fouskakis2

Abstract

BACKGROUND
Subjective survival probabilities incorporate individuals’ view about own future survival
and they are associated with actual mortality patterns.

OBJECTIVE
The objective of this study is twofold. First, we apply a Bayesian methodology to incor-
porate the respondents’ views about future survival, and second, we investigate whether
subjective survival information is useful for predicting actual mortality and self-reported
change in health.

METHODS
To achieve the above-mentioned objective, we adopt a two-step process. In the first step,
we use a Bayesian linear regression model, under default priors, on the logit transfor-
mation of the subjective mortality probabilities to estimate the posterior distribution of
the regression coefficients of the available explanatory variables. In the second step, we
fit Bayesian logistic regression models on actual mortality and self-reported change in
health, using a variety of priors derived from the posterior distributions of the first step
Bayesian model. Data from the Health and Retirement Study (HRS) Waves 13 and 14 are
used in this paper.

CONCLUSIONS
We conclude that the additional information incorporated via the subjective mortality
probabilities is useful for predicting actual mortality but less useful for predicting self-
reported change in health.
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CONTRIBUTION
The contribution of this study relates to the development of a procedure, which can be
used to include prior information – based on subjective survival views – in hierarchical
Bayesian regression models to improve the ability to predict mortality and self-reported
change in health.

1. Introduction

Subjective survival probabilities are quantities that incorporate individuals’ view on likely
future survival, and they vary considerably across survey respondents (Hamermesh 1985).
Gender is one of the main factors affecting survival expectations. Arpino, Bordone, and
Scherbov (2018), using objective survival probabilities estimated from the US Health and
Retirement Study, conclude that males tend to report higher survival expectations than
females. Another important finding is that older people tend to report higher survival
expectations compared to younger people. Several researchers have estimated a positive
association between age and subjective life expectancy (Griffin, Loh, and Hesketh 2013;
Mirowsky 1999; Ross and Mirowsky 2002).

Higher education and higher income are associated with higher subjective survival
probabilities (Arpino, Bordone, and Scherbov 2018; Rappange, Brouwer, and van Exel
2016; Liu, Tsou, and Hammitt 2007; Mirowsky 1999; Balia 2014). Poor physical health is
clearly associated with lower survival expectations (Liu, Tsou, and Hammitt 2007; Balia
2014; Hurd and McGarry 1995). In addition, several researchers find that the number
of chronic diseases is associated with lower subjective survival probabilities (Rappange,
Brouwer, and van Exel 2016). The evidence on the effect of smoking status on subjective
survival probabilities is not conclusive. Khwaja, Sloan, and Chung (2007), using data
from the Health and Retirement Study, note that smokers are optimistic whereas people
who have never smoked are pessimistic in their survival predictions. Other researchers
conclude also that current smokers overestimate survival (Liu, Tsou, and Hammitt 2007).
On the other hand, it is well known that smoking is associated with heavier actual mortal-
ity (Doll et al. 1994). Race differentiates significantly subjective as well as actual survival
expectations. Prior research notes that Black Americans tend to report higher survival ex-
pectations compared to White Americans of the same age, but they experience lower life
expectancy at birth (Mirowsky 1999; Firebaugh et al. 2014).

One of the most interesting and challenging topics on subjective survival is the as-
sessment of the accuracy of subjective survival expectations. On this topic, several re-
searchers noted that actual in-sample mortality is associated with the subjective predic-
tions. More specifically, Bago d’Uva et al. (2020) argue that the formation of accurate
longevity expectations involves acquisition of health knowledge, perception of mortality

1072 http://www.demographic-research.org

http://www.demographic-research.org


Demographic Research: Volume 50, Article 36

risks and processing of information. They measure the accuracy of subjective predictions
by comparing the subjective probabilities of living to 75 – as reported by Health and
Retirement Study (HRS) – with an indicator of whether respondents survive to that age.
Their findings confirm that subjective probabilities of survival to 75 predict respondents’
survival to that age.

The predictive power of subjective survival probabilities about the actual survival
from one survey wave to another has been investigated. Van Doorn and Kasl (1998) note
that both self-rated health and self-rated life expectancy predict actual mortality up to
the next wave, after controlling for health status and sociodemographic factors. They
conclude that these two quantities contain different information about own future sur-
vival. Smith, Taylor Jr, and Sloan (2022) suggest that longevity expectations are good
predictions of future mortality, because they are consistently updated with new health
information but they do not incorporate all information relevant to future survival. Fur-
thermore, Hurd and McGarry (2002) note that HRS respondents who were alive in HRS
Waves 1 and 2 reported on average 50 % higher subjective survival probabilities than
those who died between these waves. Other studies of the HRS and other longitudinal
surveys demonstrate that subjective survival probabilities have predicted survival to a sub-
sequent survey wave (Hurd 2009; Siegel, Bradley, and Kasl 2003). Elder (2013) conclude
that the predictive ability of subjective survival probabilities depends at respondents’ age.
In particular, the subjective survival probabilities for respondents age 65 or less predict
actual in-sample mortality well.

Subjective or self-rated health reflects individuals’ perceptions about own health,
and it has been shown that it is a strong predictor for mortality irrespective of objec-
tive health status, age, gender, and other sociodemographic factors (Mossey and Shapiro
1982). Higher subjective survival probabilities are associated with better self-rated health
(Papachristos et al. 2020; Rappange, Brouwer, and van Exel 2016), and subjective sur-
vival probabilities are consistently updated after an improvement or a deterioration of
self-rated health (Papachristos and Verropoulou 2022). Furthermore, the association of
subjective health with physical and functional health were lower for older individuals
compared to younger individuals (Pinquart 2001). In addition, previous studies note that
the impact of serious health events on subjective health depends on age. In particular,
younger individuals reduce their subjective health assessment after a serious health event
more than older individuals (Wurm, Tomasik, and Tesch-Römer 2008). This could be
related to the ageing process as health deterioration is normally expected in later life
and older individuals are prepared (Heckhausen and Krueger 1993). Verropoulou (2014)
notes that improvement in self-rated health is a more complex concept than deteriora-
tion and that is affected by behavioural risk factors and physical activity whereas older
chronological age is related to lower self-rated health. On the one hand, worse subjective
health assessment is strongly related to poor physical health, but on the other hand, better
subjective health is a more complex concept, relating not only to the lack of illness but
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also to sociodemographic characteristics and self-image (Smith, Shelley, and Dennerstein
1994).

The objective of this study is twofold. First, we apply a Bayesian procedure to
incorporate prior information, based on the respondents’ views about future subjective
survival views in Bayesian logistic regression models, to improve their ability to predict
mortality. Our hypothesis is that the respondents’ subjective survival views can be used to
derive informative priors about the mean values of the coefficients of the predictors, which
would provide supplementary information to the Bayesian mortality models. Second,
we investigate whether the respondents’ views about future survival include information
useful for predicting future self-reported change in health.

The main contribution of this study relates to the development of a process which
can be used to incorporate subjective survival views under informative priors in Bayesian
mortality and (self-reported) change in health logistic regression models. The differen-
tial utility of subjective survival expectations on both mortality and perceived change in
health is clearly demonstrated. One of the advantages of this study relates to the mis-
match between the event that respondents are asked to forecast (i.e., survival to a given
target age) and the evaluation of the actual outcome of this prediction (i.e., survival to the
next survey wave) (see also Bago d’Uva et al. (2020); Hurd and McGarry (2002)). To
address this issue, we propose a technique that adjusts self-reported subjective survival
probabilities in order to reflect the two-year period up to the next wave. Then, this study
focuses on the prior elicitation of subjective survival information using several choices
for priors.

2. Case study

The study uses data from the HRS, which is a longitudinal household survey conducted
by the Institute for Social Research at the University of Michigan. The HRS is sponsored
by the National Institute on Aging (grant number NIA U01AG009740) and is conducted
by the University of Michigan. It is an age-cohort-based longitudinal panel survey of
persons aged 50 and older in the United States. The harmonised version of the longitudi-
nal studies, RAND HRS, is provided by the Gateway to Global Aging Data. The RAND
HRS Longitudinal File 2018 includes all 14 waves (HRS 2022). The data for HRS Wave
13 (W13) were collected in 2016 and consist of 20,147 respondents aged 50 or older,
whereas the data for HRS Wave 14 (W14) were collected in 2018, two years later.

The W13 sample size is restricted to respondents who answered both survival prob-
ability questions. The main reason for this methodological decision is to address the
mismatch between the time interval of HRS waves (about 2 years) and the time hori-
zon which corresponds to subjective survival probabilities (on average 10 to 15 years).
More specifically, as described in Section 3, we fit a Weibull model with two parame-
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ters, namely α and β, using non-linear optimization methods, in order to estimate the
subjective survival probabilities for the next 2 years.

In terms of sample size, 2,257 respondents who did not provide a response at all, 96
respondents who answered only the 1st question, and 8,361 respondents who answered
only the 2nd question are excluded. It is worth mentioning that based on HRS documen-
tation the 1st question is asked to individuals aged 64 or younger only. This age-related
threshold explains the large number of respondents who answered the 2nd subjective sur-
vival question only.

In addition, 296 respondents aged 50 or older who inconsistently answered both sur-
vival questions are excluded from the analysis (see Section 3). Finally, 174 cases with
missing values in the explanatory variables are also excluded from the analysis. Addi-
tional statistical testing (Little 1988), as a sensitivity check, is performed to investigate
if these missing values are missing completely at random (Rubin 1976). The results us-
ing the Fully Conditional Specification imputation method (Van Buuren et al. 2006) are
presented in Appendix A-7. The final sample used for the mortality analysis consists of
n = 8, 963 respondents. The chronological age of these respondents ranges from 50 to 65
years old. It is worth emphasizing that our study targets the respondents whose chrono-
logical age ranges from 50 to 65 years old and our results are relevant to only this age
group.

To investigate the first objective, a binary variable which indicates whether a respon-
dent is alive (= 0) or dead (= 1) at Wave 14 is used as a response variable. In this sample,
104 respondents who participated in Wave 13 reported as dead in Wave 14, and the crude
mortality rate is estimated by 2.56%. To investigate the second objective, a variable which
indicates the self-reported change in health is used. In particular, at Wave 14 respondents
were asked if their health is better, about the same, or worse since the last interview, at
Wave 13. Based on this interview question, a binary variable taking the value of 0 if a re-
spondent reported the same and somewhat better health status at Wave 14 – compared to
the health status at Wave 13 – and the value of 1 if a respondent has a worse health status
at Wave 14 – compared to the health status at Wave 13 – is used as a response variable.
In terms of sample size, the starting point is the dataset used for the mortality analysis as
described above. We noticed that 1,628 respondents who participated at Wave 13 – and
they are included in the final sample used for the mortality analysis – did not provide a
response for the self-reported change in health question at Wave 14.

Additional investigation about the missing values for the dependent variable, self-
reported change in health, shows that about 90.5% of these correspond to respondents
who participated in Wave 13 but not in Wave 14. The remaining 9.5% corresponds to
respondents who died between the two waves, as well as those who participated but did
not provide a response on their health change. Hence, the sample used for the change
in health analysis reduces to n = 7, 335 respondents. In this sample 1,333 respondents
(18.2%) reported worse health status at Wave 14 compared to that at Wave 13. In addition,
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as a sensitivity check, in order to address the challenge of the missing values for the
dependent variable, we assume that the missing mechanism is ignorable (Little and Rubin
2019), and by treating these missing values as unknown parameters, we estimate them
(simultaneously with the rest of the parameters), under the Bayesian approach, using the
posterior predictive distribution (see Appendix A-7).

2.1 Explanatory variables

The group of sociodemographic variables includes chronological age (in years), gender
(factor with two levels – male = 0 and female = 1), race (factor with two levels – White
American = 0 and Black American or other = 1), and years of education. Marital status
(factor with two levels – married or partnered = 0 and separated, divorced, widowed,
or never been married = 1) as well as the (standardized) total household income are also
included. Regarding physical health, the number of limitations in activities of daily living
(ADLs) out of a list of six basic/everyday tasks, the number of instrumental activities of
daily living (IADLs) out of a list of three tasks (namely using the phone, managing money,
and taking medications), and self-rated health (ranging from 1 = poor to 5 = excellent) are
included in the models. In addition, the number of chronic conditions (ranging from 0 to
8) is also induced in the models. The eight chronic conditions included in the analysis are
(1) high blood pressure or hypertension; (2) diabetes or high blood sugar; (3) cancer or a
malignant tumor of any kind except skin cancer; (4) chronic lung disease except asthma,
such as chronic bronchitis or emphysema; (5) heart attack, coronary heart disease, angina,
congestive heart failure, or other heart problems; (6) stroke or transient ischemic attack;
(7) emotional, nervous, or psychiatric problems; and (8) arthritis or rheumatism.

In terms of mental health, depression is measured using the Center for Epidemio-
logic Studies Depression scale (ranging from 0 to 8; higher scores indicate more severe
depression) (Radloff 1977; Lewinsohn et al. 1997). Regarding behavioral risk factors, the
frequency of vigorous exercise (ranging from 1 = never to 5 = more than three times a
week) and the smoking status (0 = never smoker, 1 = past smoker, and 2 = current smoker)
are also included in the analysis.

2.2 Sample description

The sample characteristics are presented in Table 1. On average, subjective mortality
probabilities, defined in Section 3, are higher for respondents who reported being alive
at Wave 13 but not alive at Wave 14. Males are less likely to survive than females, and
married or partnered people are more likely to survive than people who are divorced, or
widowed, or have never been married. Black Americans (or other race) exhibit higher
mortality than White Americans. Respondents with poor health, more disabilities, and
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more difficulties in performing everyday tasks as well as those who are more depressed
tend to exhibit heavier in-sample mortality. Moreover, lower average household income
and fewer years education are associated with higher in-sample mortality. On average
respondents who do vigorous exercise and nonsmokers exhibit lower in-sample mortality.

Table 1: Sample characteristics

Variable
Reported alive at

Wave 13 and Wave 14
Reported alive at Wave 13
but not alive at Wave 14

Total

Subjective mortality probability (mean) 1.06% 2.56% 1.07%
Female (% of total) 56.6% 53.8% 56.6%
Chronological age (mean) 57.1 58.0 57.2
Black Americans or other race (% of total) 42.2% 52.9% 42.3%
Years of education (mean) 13.1 12.6 13.1
Married or partnered (% of total) 65.7% 48.1% 65.4%
Household income (mean in $) 89,753 41,840 89,197
Self-rated health (mean) 3.1 2.1 3.1
Number of ADLs (mean) 0.3 0.8 0.3
Number of IADLs (mean) 0.1 0.3 0.1
Number of chronic conditions (mean) 1.7 3.0 1.7
Depression (mean) 1.6 3.2 1.6
Vigorous exercise (mean) 2.2 1.6 2.2
Smoking status (mean) 0.7 1.2 0.7

Notes: ADLs: Number of Activities of Daily Living for which respondents report difficulties. IADLs: Number of
Instrumental Activities of Daily Living for which respondents report difficulties

3. Subjective mortality probabilities

In HRS there are two questions about future survival expectations. The first question
relates to the self-reported probability of living to age 75 specifically (i.e., the target age
is 75). The second question relates to self-reported probability of living to age 80 to
100. In this question the target age varies from 80 to 100 depending on respondent’s
chronological age. In particular, if a respondent is aged 65 or less the assigned target age
is 85; if the respondent is aged 65 to 69 the assigned target age is 80; if the respondent is
aged 70 to 74 the assigned target age is 85; if the respondent is aged 75 to 79 the assigned
target age is 90; if the respondent is aged 80 to 84 the assigned target age is 95; and
if the respondent is aged 85 to 89 the assigned target age is 100. The target age for all
respondents is provided by HRS. Therefore, HRS respondents report subjective survival
probabilities which on average refer to the next 10 to 15 years.

Self-reported subjective survival probabilities have three issues which need to be
addressed (Perozek 2008). First, as mentioned in Section 2, about 296 respondents report
lower probability of living to age 75 compared to the probability of living to age 80 to
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100. These cases were excluded from the analysis. Second, for respondents that report
equal probabilities of living to age 75, as well as to age 80 to 100, a constant was added
to the first probability and subtracted from the second probability. This constant was
set equal to 5%. For instance, if a respondent reports a 50% probability of living to
age 75 and to age 80 to 100, the first probability is adjusted upwards to 55%, whereas
the second probability is adjusted downwards to 45%. This adjustment ensures that the
individual’s subjective survival curve is strictly decreasing. Third, a floor of 1% and a
cap of 99% are incorporated to ensure that self-reported subjective survival probabilities
do not take the values of 0% or 100%. It is worth mentioning that in the documentation
of RAND HRS it is stated that if a response to the first survival question is zero, then
the response to second question is set to zero as well. These probabilities are adjusted to
ensure that the individual’s subjective survival curve is strictly decreasing, as described
above.

HRS data are collected every two years. In particular, HRS Wave 13 data were
collected in 2016, and HRS Wave 14 data were collected two years later, in 2018. In other
words, the in-sample mortality and self-reported change in health data are available every
two years, but the time horizon of the subjective survival probabilities refers to the next 10
to 15 years. To overcome this mismatch between the time interval of HRS waves (about 2
years) and the time interval which corresponds to subjective survival probabilities (SSP)
(on average 10 to 15 years), we fit a Weibull model, with parameters α and β (Qian 1995).
The conditional probability St(x) of an individual aged x to survive to age x+ t can then
be expressed as

St(x) =
e−( x+t

α )β

e−( x
α )β

.

We denote by SSPt1,x the observed probability of a respondent aged x who reports
the chance of own survival for the next t1 years up to age 75 specifically and by SSPt2,x

the observed probability of a respondent aged x who reports the chance of own survival
for the next t2 years up to age 80 to 100. For each respondent i (i = 1, . . . ,n), the Weibull
model parameters can be estimated by solving the following system of two equations:

SSPt1,x,i =
e
−(

x+t1
αi

)βi

e
−( x

αi
)βi
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and

SSPt2,x,i =
e
−(

x+t2
αi

)βi

e
−( x

αi
)βi

.

The above system of non-linear equations is solved using the Broyden and Newton
methods (Bouaricha and Schnabel 1997) in R (Package ‘nleqslv’). For each respondent i
(i = 1, . . . ,n), aged x, the subjective survival probability for the next 2 years is calculated
then as follows:

SSP2,x,i =
e
−( x+2

α̂i
)β̂i

e
−( x

α̂i
)β̂i

.

Subsequently, the subjective mortality probability (SMP) for the next 2 years, for
individual i, aged x, is calculated as follows:

SMP2,x,i = 1− SSP2,x,i.

4. Statistical modelling

The impact of the explanatory variables on actual mortality and on self-reported change
in health is examined using Bayesian logistic regression models. The estimation pro-
cess of the coefficients of the logistic regression models is separated in two steps. In the
first step, we fit a Bayesian linear regression model, using default priors and all available
explanatory variables, on the logit transformation of the subjective mortality probabili-
ties. We derive the posterior densities which are used, after applying – for sensitivity
reasons – several Bayesian methods, for constructing informative prior densities for the
next step. In the second step, we fit Bayesian logistic regression models, using all the
available explanatory variables and the informative priors (from the previous step) on
the actual mortality as well as on the changes in health. In other words, the subjective
survival information is introduced in the first step of the analysis, whereas the actual mor-
tality and change in health information is incorporated in the second step of the analysis.
Posterior summaries are obtained using MCMC methods with RStan (Stan Development
Team 2022) and WinBUGS (Lunn et al. 2000). The final posterior means incorporate the
information included on subjective mortality probabilities and the available data.
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4.1 Prior elicitation based on subjective mortality probabilities

Prior elicitation is based on a Bayesian regression model, under default priors, fitted on
the logit transformation of the subjective mortality probability for the next two years, of a
respondent aged x. The explanatory variables described in Section 2.1 are included in this
regression model. The posterior density of the model coefficients incorporate the effect
of the explanatory variables on the subjective mortality probabilities. Thus, if we denote
by p∗ = (p∗1, . . . , p

∗
n)

T the vector of the observed subjective mortality probabilities and
by Xij the value of the explanatory variable j (j = 0, . . . , p) for each respondent i
(i = 1, . . . ,n), with Xi0 = 1, we fit the following model, using default priors,

log

(
SMP2,x,i

1− SMP2,x,i

)
=

p∑
j=0

bjXij + ϵi, ϵi
indep∼ N(0,σ2),

p(b,σ2) ∝ 1

σ2
,

where by b = (b0, b1, . . . , bp) we denote the model coefficients and by σ2 the error
variance. The posterior distribution of b, conditional on σ2, is a multivariate normal
distribution

p(b|p∗,σ2) = Np+1(b
∗,σ2(XTX)−1),

where X denotes the design matrix and

b∗ = (XTX)−1XT log

(
p∗

1− p∗

)
.

In addition, the posterior distribution of σ2 is an inverse-gamma distribution

p(σ2|p∗) = IG

(
n− p− 1

2
,
(n− p− 1)s2

2

)
,

with mean

s2 =
1

n− p− 1

[
log

(
p∗

1− p∗

)
−Xb∗

]T [
log

(
p∗

1− p∗

)
−Xb∗

]
.
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The posterior means and standard deviations of the coefficients of the above model
as well as the 95% credible intervals and the posterior distributions are presented in Ta-
ble 2 and Figure 1, respectively. Higher subjective mortality probabilities are associated
with older chronological age, lower educational attainment, worse self-rated health, and
more chronic conditions. Black Americans (or other race) tend to report lower subjective
mortality probabilities compared to White Americans, while more severe depression is
associated with higher subjective mortality probabilities. On the other hand, females tend
to report lower subjective mortality probabilities. The number of ADLs and IADLs, to-
tal household income, smoking status, marital status, and frequency of vigorous exercise
are not significantly associated with the logit of subjective mortality probabilities. It is
worth noticing that the posterior distributions of the coefficients of gender, race, number
of IADLs, and marital status have the largest variability.

Table 2: Posterior means (sds) and 95% credible intervals for the coefficients
of the Bayesian regression model on subjective mortality probabilities

Explanatory variable Coefficient 95% Credible intervals
b0 (Intercept) –9.957 (0.522) (–10.950, –8.921)
b1 (Chronological age) 0.149 (0.008) (0.132, 0.165)
b2 (Female) –0.538 (0.068) (–0.670, –0.404)
b3 (Black Americans or other) –0.646 (0.067) (–0.776, –0.512)
b4 (Years of education) –0.055 (0.011) (–0.077, –0.033)
b5 (Self-rated health) –0.457 (0.039) (–0.533, –0.380)
b6 (Number of ADLs) –0.009 (0.047) (–0.102, 0.083)
b7 (Number of IADLs) 0.142 (0.091) (–0.038, 0.319)
b8 (Depression) 0.057 (0.018) (0.022, 0.093)
b9 (Number of chronic conditions) 0.061 (0.027) (0.009, 0.114)
b10 (Household income) 0.007 (0.034) (–0.060, 0.073)
b11 (Smoking status) 0.029 (0.043) (–0.056, 0.115)
b12 (Divorced, widowed, or never married) –0.063 (0.072) (–0.200, 0.079)
b13 (Vigorous exercise) –0.045 (0.026) (–0.096, 0.004)
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Figure 1: Posterior distributions for the coefficients of the Bayesian regression
model on subjective mortality probabilities

4.2 Subjective Bayesian logistic regression models on actual mortality

Several Bayesian approaches are incorporated in order to examine whether subjective
mortality probabilities affect the predictive ability of logistic regressions on actual mor-
tality. Let Yi be a binary variable taking the value of 0 if the respondent i is alive and
the value of 1 otherwise (i = 1, . . . ,n); see Section 2. b∗ is the posterior mean of the
coefficients from the Bayesian regression model on subjective mortality probabilities and
s2 is the posterior mean of σ2 from the Bayesian regression model on subjective mortality
probabilities; see Section 4.1.

The first model (M1) is built using the concept of g-priors (Zellner 1986). Liang
et al. (2008) introduce the hyper-g-priors by placing a prior distribution to the parameter
g of the g-prior. If we denote by b = (b0, b1, . . . , bp) the coefficients, on all available
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explanatory variables (see Section 2.1), the proposed model has the form

Yi|pi
indep∼ Bernouli(pi),

log

(
pi

1− pi

)
=

p∑
j=0

bjXij ,

p(b) = Np+1(b
∗, gs2(XTX)−1),

g ∼ p(g) =
a− 2

2
(1 + g)−

a
2 , g > 0.

According to the above model formulation, the prior used for the model coefficients is
the posterior distribution from the Bayesian regression model on subjective mortality
probabilities of Section 4.1, with its covariance matrix multiplied by g. Therefore the
parameter g controls the influence of the prior in the final posterior; smaller values of
g indicate a less informative prior. Under the prior used for g, the induced prior on the
shrinkage factor w = g

g+1 ∈ (0, 1) is a Beta(1, a
2 − 1) distribution; values of w closer

to one indicate a more informative prior. Regarding the selection of values for the hyper-
parameter a, we adopt the recommendation of Liang et al. (2008), who suggest a range
of reasonable options, 2 < a ⩽ 4. Therefore, we focus on two options, a = 3 and a = 4.
The prior distribution of the shrinkage factor for a = 4 is uniform, whereas for a = 3 it
places most of the probability mass near 1. In Sections 4.3 and 5 we use a = 3, while in
Appendix A-6 we perform a sensitivity analysis using a = 4.

The second Bayesian approach is based on the idea of power priors (Ibrahim and
Chen 2000). The elicitation of prior knowledge can be based on historical data; however,
the uncertainty of this data is quantified by a random scalar a0. In this study prior knowl-
edge about own future survival is incorporated via the subjective mortality probabilities.
The second model (M2), using the recommended setup by Ibrahim and Chen (2000) for
a0, has the following structure:

Yi|pi
indep∼ Bernouli(pi),

log

(
pi

1− pi

)
=

p∑
j=0

bjXij ,

p(b) = Np+1(b
∗, a−1

0 s2(XTX)−1),

p(a0) ∼ Beta(3, 3).

Thus, for once more, the prior used for the model coefficients is the posterior distribution
from the Bayesian regression model on subjective mortality probabilities of Section 4.1,
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with a covariance matrix multiplied by a−1
0 . Therefore large values of a0 indicate a more

informative prior.
The third Bayesian approach is based again on the idea of the g-prior, with fixed

g this time, where an overall or averaged information from subjective mortality proba-
bilities is included in the model based on the methodology of Hanson, Branscum, and
Johnson (2014). The third model (M3) has the following structure:

Yi|pi
indep∼ Bernouli(pi),

log

(
pi

1− pi

)
=

p∑
j=0

bjXij ,

p(b) = Np+1(bge1, gn(X
TX)−1),

where the first element of the (p+ 1)-dimensional vector e1 is equal to one and all of its
other elements are equal to zero, yielding to a non-zero prior mean of b for the intercept-
only term. Following Hanson, Branscum, and Johnson (2014) we set bg = δ(απ)−δ(βπ)

and g = δ′(απ)−δ′(βπ)
p+1 , where δ is the digamma function and δ′ is the trigamma function.

The parameters απ and βπ correspond to a beta distribution, fitted on the observed data of
the subjective mortality probabilities. Using the available data, we estimate απ = 0.3414
and βπ = 5.2584, yielding to bg = –4.6138 and g = 0.6754.

The fourth Bayesian approach (M4) is based on fitting a logistic regression model
and incorporating prior information on the coefficients via independent normal distribu-
tions:

Yi|pi
indep∼ Bernouli(pi),

log

(
pi

1− pi

)
=

p∑
j=0

bjXij ,

p(bj) = N
(
b̃j , σ̃

2
)
, j = 0, 1, . . . , p.

The mean and standard deviation of the independent prior normal distributions are es-
timated by WinBUGS (Lunn et al. 2000) after fitting the Bayesian regression model on
subjective mortality probabilities of Section 4.1. No shrinkage parameter is used in this
model. In addition to the above models, we have also fitted models M1 and M4 using
non-informative priors in order to better understand the impact of prior information on the
coefficients’ posterior means. Under model M1, we have used a fixed value for g equal to
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4n (see Fouskakis, Ntzoufras, and Draper (2009)), while under model M4 we have used
vague independent normal priors with mean equal to 0 and variance equal to 10,000.

Models M1–M3 under the informative priors, as well as model M1 under the non-
informative prior, were fitted in RStan. Model M4, under the informative and non-
informative prior setups, was fitted in WinBUGS. In the Appendix A-1, A-2, and A-3 we
present results regarding the convergence of the MCMC samplers under models M1–M3
with the informative priors. No convergence issues were detected. Regarding model M4
with the informative prior and the two models with the non-informative priors, again no
convergence issues were detected (results are omitted for brevity reasons). The leave-one-
out information criterion is used for model selection (Vehtari, Gelman, and Gabry 2017).

4.3 Results

The posterior means, standard deviations, and 95% credible intervals for the coefficients
of models M1–M4 (see Section 4.2) are presented in Table 3. Older chronological age,
male gender, smoking status, more chronic conditions and deteriorating self-rated health
are associated with increased risk of mortality. Moreover, individuals who are divorced
or widowed or have never been married exhibit higher mortality risk than those who are
married or partnered.

On the other hand, our results indicate that respondents who do vigorous exercise,
those with higher total household income, and those with less severe depression are neg-
atively associated with the risk of mortality. Fewer years of education and more difficul-
ties with ADLs and IADLs are negatively associated with the risk of mortality in models
M1–M3. Nevertheless, by observing the values of the 95% credible intervals all these as-
sociations are not significant. It is worth noting that lower educational attainment (Brown
et al. 2012) and deteriorating functional health status (Scott et al. 1997) are significant
predictors of mortality.

Our findings on the association of race with actual mortality illustrate the incorpo-
ration of subjective survival information in the model. More specifically, the results of
models M1 and M3 indicate that White Americans tend to have lower mortality compared
to Black Americans (or other race), whereas the results of models M2 and M4 indicate the
opposite. By observing the 95% credible intervals, however, only the association under
model M4 is significant. According to the results of the Bayesian regression model on
subjective mortality probabilities, Black Americans tend to report lower subjective mor-
tality probabilities compared to White Americans, but they experience higher mortality
compared to White Americans of the same age, and this finding is in line with the lit-
erature (Mirowsky 1999; Firebaugh et al. 2014). Since the posterior mean value of the
race coefficient under the non-informative g-prior setup (see Appendix A-4) indicates a
stronger positive association of Black Americans (or other race) with mortality, we con-
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clude that the incorporation of subjective survival information affects the value of the race
coefficient materially.

Table 3: Posterior means (sds) [95% credible intervals] of the coefficients
of the Bayesian logistic regression mortality models

Coefficients
Logistic regression

using hyper-g -prior(M1)
Logistic regression

using power prior (M2)
b0 (Intercept) –7.405 (1.443) [–10.250, –4.568] –7.695 (1.345) [–10.320, –4.993]
b1 (Chronological age) 0.066 (0.023) [0.019, 0.111] 0.076 (0.022) [0.030, 0.118]
b2 (Female) –0.354 (0.183) [–0.714, 0.006] –0.367 (0.183) [–0.694, –0.022]
b3 (Black Americans or other) 0.050 (0.189) [–0.314, 0.429] –0.042 (0.187) [–0.398, 0.327]
b4 (Years of education) 0.029 (0.032) [–0.032, 0.095] 0.018 (0.031) [–0.038, 0.082]
b5 (Self-rated health) –0.520 (0.114) [–0.750, –0.306] –0.500 (0.104) [–0.714, –0.301]
b6 (Number of ADLs) –0.026 (0.093) [–0.213, 0.150] –0.018 (0.088) [–0.196, 0.150]
b7 (Number of IADLs) –0.054 (0.042) [–0.408, 0.278] –0.035 (0.174) [–0.381, 0.295]
b8 (Depression) 0.078 (0.042) [–0.005, 0.160] 0.075 (0.041) [–0.006, 0.155]
b9 (Number of chronic conditions) 0.165 (0.064) [0.038, 0.290] 0.154 (0.062) [0.035, 0.277]
b10 (Household income) –0.176 (0.160) [–0.545, 0.072] –0.120 (0.129) [–0.412, 0.081]
b11 (Smoking status) 0.270 (0.119) [0.037, 0.504] 0.238 (0.113) [0.020, 0.461]
b12 (Divorced, widowed, 0.188 (0.192) [–0.185, 0.571] 0.162 (0.179) [–0.191, 0.521]
or never married)
b13 (Vigorous exercise) –0.092 (0.080) [–0.248, 0.065] –0.082 (0.072) [–0.226, 0.059]
LOO information criterion 1029.4 1031.8

Coefficients
Logistic regression using g -prior
(population average inference M3)

Logistic regression using
independent normal priors (M4)

b0 (Intercept) –7.026 (1.637) [–10.225, –3.850] –9.947 (0,543) [–10.950, –8.798]
b1 (Chronological age) 0.051 (0.026) [0.001, 0.102] 0.139 (0.008) [0.123, 0.155]
b2 (Female) –0.337 (0.206) [–0.736, 0.069] –0.506 (0.065) [–0.631, –0.378]
b3 (Black Americans or other) 0.194 (0.198) [–0.189, 0.557] –0.556 (0.065) [–0.682, –0.431]
b4 (Years of education) 0.055 (0.037) [–0.014, 0.131] –0.048 (0.010) [–0.069, –0.028]
b5 (Self-rated health) –0.568 (0.129) [–0.823, –0.318] –0.492 (0.036) [–0.564, –0.421]
b6 (Number of ADLs) –0.044 (0.098) [–0.244, 0.143] 0.011 (0.042) [–0.072, 0.093]
b7 (Number of IADLs) –0.077 (0.189) [–0.465, 0.276] 0.130 (0.080) [–0.025, 0.286]
b8 (Depression) 0.078 (0.046) [–0.013, 0.166] 0.072 (0.017) [0.041, 0.137]
b9 (Number of chronic conditions) 0.189 (0.069) [0.047, 0.315] 0.089 (0.025) [0.041, 0.137]
b10 (Household income) –0.458 (0.291) [–1.109, 0.015] –0.009 (0.033) [–0,074, 0.057]
b11 (Smoking status) 0.317 (0.129) [0.069, 0.571] 0.072 (0.041) [–0.010, 0.151]
b12 (Divorced, widowed, 0.199 (0.218) [–0.226, 0.625] 0.011 (0.068) [–0.118, 0.146]
or never married)
b13 (Vigorous exercise) –0.118 (0.093) [–0.310, 0.060] –0.060 (0.025) [–0.108, –0.011]
LOO information criterion 1031.5 1066.2

Notes: ADLs: Number of Activities of Daily Living for which respondents report difficulties. IADLs: Number of
Instrumental Activities of Daily Living for which respondents report difficulties. LOO information criterion: Leave-
One-Out information.
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The posterior means are similar across models M1–M3, but they differ for model M4
due to the prior independence assumption and the absence of a shrinkage factor. The re-
sults indicate that prior elicitation was performed in a similar manner under models M1–
M3. The estimated (posterior mean) hyper-parameters for model M1 are w = 0.977 and
g = 53.52; the latter is equal to 0.15% of the value of g = 4n under the non-informative
g-prior setup, whereas for model M2 is a0 = 0.046. In terms of the estimated (posterior
mean) hyper-parameters, similar results, as the ones under model M1, are obtained using
a different hyper-prior for the shrinkage factor (see Appendix A-6). Regarding the miss-
ing values for the explanatory variables sensitivity analysis based on the fully conditional
specification imputation method is conducted, and the results are presented in Appendix
A-7. No major changes in the beta coefficients are observed for the mortality model M1.

Figure 2: Posterior distributions of the coefficients of the Bayesian
logistic regression models M1–M4 on actual mortality

http://www.demographic-research.org 1087

http://www.demographic-research.org


Papachristos & Fouskakis: Incorporating subjective survival information in Bayesian models

The results in this section indicate that prior survival information affects the predic-
tive ability of mortality models. For example, the posterior means of several coefficients,
under the model with a non-informative g-prior (see Appendix A-4), are quite different
compared to those under model M1. In addition, the posterior variability of the model
coefficients varies across models M1–M4. For instance, the estimated posterior distribu-
tions based on model M4 have less variability, while the ones under models M1 and M2
have more. The boxplots of the posterior distributions of the Bayesian logistic regression
coefficients for models M1–M4 are presented in Figure 2. Finally, the mortality model
M1 exhibits the lowest leave-one-out information criterion and we conclude that this is
the best performing model regarding its predictive ability. In addition, if we compare it
with the one under a non-informative g-prior (see Appendix A-4), we observe that it has
a better predictive performance.

5. Subjective Bayesian logistic regression models for self-reported
change in health

For brevity reasons, we have fitted only model M1, using this time as a response the
binary variable Yi, taking the value of 0 if a respondent reported the same or somewhat
better health status at Wave 14 and the value of 1 otherwise; see Section 2. As in Section
4.2, b∗ is the posterior mean of the coefficients from the Bayesian regression model on
subjective mortality probabilities, and s2 is the posterior mean of σ2 from the Bayesian
regression model on subjective mortality probabilities; see Section 4.1. The posterior
means, standard deviations, and 95% credible intervals of the coefficients of the Bayesian
logistic regression model M1 on the self-reported change in health are presented in Table
4, and the associated posterior distributions of the coefficients are presented in Figure 3.

Black Americans report, on average, better change in health compared to White
Americans, while individuals with poor self-rated health at Wave 13 tend to report worse
change in health at Wave 14. In addition, people with more years of education, more
severe depression, more chronic conditions, more ADLs, and higher total household in-
come tend to report worse change in health. Finally, smoking status is associated with
tendency to report worse change in health. The effects of the remaining variables are not
significant. The estimated (posterior mean) hyper-parameters for the change in health
model M1 are w = 0.998 and g = 466.2. It is worth noting that the estimated parameter
g has a lower value (in particular 1.59%) compared to the value of g (= 4n) under the
non-informative prior setup.
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Table 4: Posterior means (sds) [95% credible intervals] of the coefficients
of the Bayesian logistic regression model M1 on self-reported change
in health

Coefficients Logistic regression using hyper-g -prior (M1)
b0 (Intercept) –1.940 (0.523) [–2.937, –0.923]
b1 (Chronological age) 0.012 (0.008) [–0.005, 0.028]
b2 (Female) 0.038 (0.068) [–0.096, 0.171]
b3 (Black Americans or other) –0.337 (0.067) [–0.472, –0.206]
b4 (Years of education) 0.032 (0.011) [0.009, 0.055]
b5 (Self-rated health) –0.458 (0.041) [–0.538, –0.377]
b6 (Number of ADLs) 0.162 (0.039) [0.086, 0.238]
b7 (Number of IADLs) 0.021 (0.076) [–0.128, 0.169]
b8 (Depression) 0.099 (0.016) [0.067, 0.130]
b9 (Number of chronic conditions) 0.177 (0.025) [0.128, 0.227]
b10 (Household income) 0.073 (0.033) [0.011, 0.141]
b11 (Smoking status) 0.163 (0.043) [0.080, 0.248]
b12 (Divorced, widowed, or never married) 0.059 (0.071) [–0.081, 0.198]
b13 (Vigorous exercise) –0.007 (0.001) [–0.060, 0.047]
LOO information criterion 6193.7

Notes: ADLs: Number of Activities of Daily Living for which respondents report difficulties. IADLs: Number of
Instrumental Activities of Daily Living for which respondents report difficulties. LOO information criterion: Leave-
One-Out information.

For sensitivity analysis reasons we have also fitted the same model with a different
prior on the shrinkage factor; results are almost identical (see Appendix A-6) and the
two models have almost the same predictive ability. Finally, the results Table 4 are this
time quite similar with those under the non-informative prior (see Appendix A-5), and
the model with the non-informative prior has a slightly better predictive performance.
Regarding the missing values for the dependent variable ‘self-reported change in health’
(see Section 2), as a sensitivity analysis, and by assuming that the missing mechanism is
ignorable, we have treated these missing values as unknown parameters and simultane-
ously estimate them (together with the rest of the model parameters), using the posterior
predictive distribution under model M1 on self-reported change in health. The results are
presented in Appendix A-7; it is worth noting that the impact of household income on
self-reported change in health is not now significant, but apart from this, no other ma-
terial changes in the beta coefficients between the two M1 health models are observed.
Therefore we conclude that our results provide less evidence that subjective mortality
probabilities incorporate supplementary information which is useful for the prediction of
self-reported change in health.
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Figure 3: Posterior distributions of the coefficients of the Bayesian
logistic regression model M1 on self-reported change in health

6. Discussion

Subjective survival probabilities are quantities that incorporate individuals’ view on likely
future survival, and they are linked to actual mortality patterns (Papachristos et al. 2020).
The objective of this study is twofold: first, to develop a Bayesian process to incorporate
the respondents’ views about future survival on in-sample actual mortality models; and
second, to investigate whether the respondents’ views about future survival incorporate
useful information for predicting self-reported change in health. To achieve this aim, we
adopt a two-step process. In the first step, the prior means and the covariance matrix
for the logistic regression coefficients are estimated by fitting a Bayesian linear regres-
sion model on the logit transformation of subjective mortality probabilities. It is worth
noticing that the subjective mortality probability for each respondent is adjusted using
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a Weibull survival model to reflect the next two-year period. In the second step, we fit
Bayesian logistic regression models on actual mortality using the prior distributions from
the first step.

Our results show that male gender, older individuals, smoking status, more chronic
conditions, and individuals with poor self-rated health are associated with higher risk of
in-sample mortality. Black Americans (or other race) exhibit a positive association with
mortality; however, the incorporation of subjective survival information affects materially
the magnitude and direction of the association. In addition, White Americans, individuals
with poor self-rated health, more years of education, severe depression, more chronic
conditions, more ADLs, and higher total household income tend to report worse change
in health compared to the previous wave. Finally, smoking status is also associated with
tendency to report worse change in health.

These results are broadly in line with the literature. Self-rated health is a strong pre-
dictor of mortality, even after including other covariates known to predict mortality (Idler
and Benyamini 1997); this also holds for the number of chronic diseases (Verropoulou
2014). Depression and smoking are associated with higher mortality (Wulsin, Vaillant,
and Wells 1999; Ezzati and Lopez 2003); this comes to an agreement with our results,
although the effect of depression is marginally non-significant. Race differentiates ac-
tual mortality patterns, as Black Americans experience lower life expectancy than White
Americans of the same age (Firebaugh et al. 2014). On the other hand, married individ-
uals exhibit lower mortality risk than those who are not married (Johnson et al. 2000).
In this study the estimated posterior means of the models using informative priors (see
Table 3) and the posterior means of M1 using a non-informative g-prior indicate a weak
association with the risk of in-sample mortality (see Appendix A-4).

Several researchers noted the so-called gender paradox: older women report poorer
health than older men, but women live longer (Arber and Cooper 1999). This comes to
an agreement with our results, although the effect on self-reported change in health is not
significant. Better educational attainment is associated with better self-rated health for
men and women aged 25 years or older (Subramanian, Huijts, and Avendano 2010), but
the exact mechanism by which education affects current health status is less clear (Cutler
and Lleras-Muney 2006). In contrast, our results indicate that respondents with higher
educational attainment tend to report worse change in health compared to that reported in
the previous wave. A possible explanation of this contradiction is that our study targets
respondents whose chronological age ranges from 50 to 65 years old and our results are
relevant to only this age group. In addition, the response variable in our models is the self-
reported change in health and not the current self-rated health status, as in other studies.
Further investigation based on a broader age group may be useful for understanding the
impact of educational attainment on future self-reported change in health.

Regarding the additional information incorporated via subjective mortality probabil-
ities, our findings suggest that they are useful for predicting mortality but less useful for
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predicting self-reported change in health. This is expected as subjective mortality proba-
bilities contain information particularly relevant for own future survival but not necessar-
ily relevant for future change in health status.

A few limitations of this study as well as future research ideas should be mentioned.
First, this study uses data from two consecutive HRS Waves (W13 and W14). However,
additional waves covering a lengthier time period can be incorporated as part of future re-
search. Second, alternative choices for informative priors as well as additional techniques
for calculating the adjusted two-year subjective survival probability per respondent can
be investigated. Possible future research steps would also include the investigation of
innovative ways to incorporate subjective mortality probabilities in Bayesian models as
well as the expansion of model universe, for instance by adding random effects to better
handle longitudinal datasets.
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Appendices

A-1. Mortality model M1 – Logistic regression using hyper g-prior

The simulations illustrated in Figure A-1.1 suggest that MCMC algorithms for the mor-
tality model M1 have converged.

Figure A-1.1: MCMC trace plots
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The autocorellation structure of M1 logistic regression coefficients and their poste-
rior distributions are presented in Figures A-1.2 and A-1.3, respectively. It is worth noting
that the distributions of parameters g and w have fat tails and that the coefficients have
positive autocorellation.

Figure A-1.2: Autocorrelation plots
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Figure A-1.3: Posterior distributions of the coefficients
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A-2. Mortality model M2 – Logistic regression using power prior

The simulations illustrated in Figure A-2.1 suggest that MCMC algorithms for the mor-
tality model M2 have converged.

Figure A-2.1: MCMC trace plots
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The autocorellation structure of M2 logistic regression coefficients and their pos-
terior distributions are presented in Figures A-2.2 and A-2.3, respectively. It is worth
noting that the distribution of parameter a0 has fat tails and that the coefficients have no
autocorellation.
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Figure A-2.2: Autocorrelation plots

a_0

beta_coef[13] beta_coef[14]

beta_coef[11] beta_coef[12]

beta_coef[9] beta_coef[10]

beta_coef[7] beta_coef[8]

beta_coef[5] beta_coef[6]

beta_coef[3] beta_coef[4]

beta_coef[1] beta_coef[2]

0 10 20

0 10 20 0 10 20

0 10 20 0 10 20

0 10 20 0 10 20

0 10 20 0 10 20

0 10 20 0 10 20

0 10 20 0 10 20

0 10 20 0 10 20
0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

Lag

A
vg

.  
au

to
co

rr
el

at
io

n

1102 http://www.demographic-research.org

http://www.demographic-research.org


Demographic Research: Volume 50, Article 36

Figure A-2.3: Posterior distributions of the coefficients
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A-3. Mortality model M3 – Logistic regression using g-prior
(population average inference)

The simulations illustrated in Figure A-3.1 suggest that MCMC algorithms for the mor-
tality model M3 have converged. The autocorellation structure of M3 logistic regression
coefficients is presented in Figure A-3.2. It is worth noting that the coefficients have no
autocorellation.

Figure A-3.1: MCMC trace plots
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Figure A-3.2: Autocorrelation plots

beta_coef[13] beta_coef[14]

beta_coef[11] beta_coef[12]

beta_coef[9] beta_coef[10]

beta_coef[7] beta_coef[8]

beta_coef[5] beta_coef[6]

beta_coef[3] beta_coef[4]

beta_coef[1] beta_coef[2]

0 10 20 0 10 20

0 10 20 0 10 20

0 10 20 0 10 20

0 10 20 0 10 20

0 10 20 0 10 20

0 10 20 0 10 20

0 10 20 0 10 20
0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

Lag

A
vg

.  
au

to
co

rr
el

at
io

n

http://www.demographic-research.org 1105

http://www.demographic-research.org


Papachristos & Fouskakis: Incorporating subjective survival information in Bayesian models

A-4. Logistic regression mortality models using non-informative
prior

The posterior means, standard deviations, and 95% credible intervals from the logistic re-
gression coefficients using a non-informative g-prior (g = 4n = 35, 852) for the mortality
model M1 are presented in Table A-4.1. We observe differences between the posterior
mean values of the coefficients with the corresponding ones under the informative g-prior
(see Table 3) as well as a worse fit.

Table A-4.1: Posterior means (sds) [95% credible intervals] of the coefficients
of the Bayesian logistic regression mortality model M1 using a
non-informative g -prior

Coefficients Logistic regression using non-informative g -prior (M1)
b0 (Intercept) –7.113 (1.686) [–10.453, –3.828]
b1 (Chronological age) 0.052 (0.026) [0.001, 0.104]
b2 (Female) –0.340 (0.210) [–0.752, 0.068]
b3 (Black Americans or other) 0.198 (0.206) [–0.202, 0.606]
b4 (Years of education) 0.057 (0.038) [–0.015, 0.135]
b5 (Self-rated health) –0.583 (0.132) [–0.844, –0.327]
b6 (Number of ADLs) –0.048 (0.098) [–0.241, 0.1140]
b7 (Number of IADLs) –0.086 (0.194) [–0.485, 0.274]
b8 (Depression) 0.078 (0.045) [–0.009, 0.167]
b9 (Number of chronic conditions) 0.184 (0.069) [0.047, 0.322]
b10 (Household income) –0.552 (0.336) [–1.298, –0.001]
b11 (Smoking status) 0.322 (0.133) [0.061, 0.584]
b12 (Divorced, widowed, or never married) 0.189 (0.219) [–0.234, 0.609]
b13 (Vigorous exercise) –0.121 (0.097) [–0.317, 0.062]
LOO information criterion 1033.2

Notes: ADLs: Number of Activities of Daily Living for which respondents report difficulties. IADLs: Number of
Instrumental Activities of Daily Living for which respondents report difficulties. LOO information criterion: Leave-
One-Out information.
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A-5. Logistic regression self-reported change in health model using
non-informative prior

The posterior means, standard deviations, and 95% credible intervals from the logistic
regression coefficients using a non-informative g-prior (g = 4n = 29, 340) for model M1
on the self-reported change in health are presented in Table A-5.1. We observe similar
results as those on Table 3, under the informative g-prior, and a slightly better fit.

Table A-5.1: Posterior means (sds) [95% credible intervals] of the coefficients
of the Bayesian logistic regression self-reported change in health
model M1, using a non-informative g -prior

Coefficients Logistic regression using non-informative g -prior (M1)
b0 (Intercept) –1.907 (0.525) [–2.998, –0.879]
b1 (Chronological age) 0.011 (0.008) [–0.005, 0.027]
b2 (Female) 0.039 (0.067) [–0.096, 0.169]
b3 (Black Americans or other) –0.336 (0.068) [–0.465, –0.204]
b4 (Years of education) 0.031 (0.011) [0.009, 0.053]
b5 (Self-rated health) –0.456 (0.041) [–0.537, –0.376]
b6 (Number of ADLs) 0.162 (0.039) [0.086, –0.239]
b7 (Number of IADLs) 0.021 (0.076) [–0.128, 0.168]
b8 (Depression) 0.099 (0.016) [0.067, 0.130]
b9 (Number of chronic conditions) 0.178 (0.025) [0.127, 0.229]
b10 (Household income) 0.074 (0.034) [0.010, 0.142]
b11 (Smoking status) 0.162 (0.042) [0.078, 0.244]
b12 (Divorced, widowed, or never married) 0.061 (0.070) [–0.077, 0.203]
b13 (Vigorous exercise) –0.007 (0.027) [–0.059, 0.046]
LOO information criterion 6193.2

Notes: ADLs: Number of Activities of Daily Living for which respondents report difficulties. IADLs: Number
of Instrumental Activities of Daily Living for which respondents report difficulties. LOO information criterion:
Leave-One-Out information.
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A-6. Sensitivity analysis – Logistic regression mortality and
self-reported change in health models for a = 4

As part of the sensitivity analysis for model M1, the coefficients for the mortality and
self-reported change in health models are calculated using different prior for g under the
hyper g-prior setup. In particular, we use a = 4, which means that the shrinkage factor
w = g

g+1 ∼ Beta(1, 1). The results for mortality and self-reported change in health
models are presented in Table A-6.1. The estimated (posterior mean) hyper-parameters
for the mortality model are w = 0.973 and g = 46.71; the latter is equal to 0.13% of
the value of g = 4n under the non-informative g-prior setup, whereas for the change
in health model the estimated (posterior mean) hyper-parameters are w = 0.998 and
g = 512.4. These values indicate that prior survival information affects the inferential
procedure of the mortality model only. It is worth noticing that the posterior mean values
of the coefficients under model M1 on actual mortality, as well as on self-reported change
in health, are similar to those presented in Table 3 and Table 4, respectively, for a = 3.
Regarding the predictive ability of the models, mortality model M1 with a = 4 has a
slightly better fit, while model M1 on self-reported change in health with a = 4 a sligthly
worse fit.

Table A-6.1: Posterior means (sds) [95% credible intervals] of the coefficients of
the Bayesian logistic regression mortality and self-reported change in
health models (M1), using a Beta(1,1) prior distribution on the
shrinkage factor w

Coefficients Mortality model (M1) Change in health model (M1)
b0 (Intercept) –7.412 (1.426) [–10.233, –4.600] –1.930 (0.522) [–2.946, –0.907]
b1 (Chronological age) 0.011 (0.008) [0.022, 0.112] 0.012 (0.008) [–0.005, 0.028]
b2 (Female) –0.357 (0.178) [–0.704, –0.010] 0.038 (0.067) [–0.094, 0.171]
b3 (Black Americans or other) –0.336 (0.068) [–0.465, –0.204] –0.337 (0.068) [–0.472, –0.203]
b4 (Years of education) 0.027 (0.032) [–0.031, 0.091] 0.032 (0.011) [0.010, 0.053]
b5 (Self-rated health) –0.517 (0.108) [–0.735, –0.308] –0.457 (0.041) [–0.538, –0.377]
b6 (Number of ADLs) –0.027 (0.092) [–0.214, 0.150] 0.163 (0.038) [0.088, 0.237]
b7 (Number of IADLs) –0.050 (0.180) [–0.413, 0.296] 0.022 (0.075) [–0.123, 0.169]
b8 (Depression) 0.077 (0.041) [–0.005, 0.156] 0.099 (0.016) [0.068, 0.130]
b9 (Number of chronic conditions) 0.162 (0.064) [0.036, 0.289] 0.178 (0.025) [0.128, 0.228]
b10 (Household income) –0.162 (0.153) [–0.512, 0.075] 0.073 (0.033) [0.010, 0.140]
b11 (Smoking status) 0.262 (0.114) [0.043, 0.485] 0.163 (0.043) [0.077, 0.246]
b12 (Divorced, widowed, or never married) 0.182 (0.190) [–0.186, 0.555] 0.060 (0.071) [–0.081, 0.199]
b13 (Vigorous exercise) –0.091 (0.078) [–0.247, 0.055] –0.007 (0.027) [–0.060, 0.046]
LOO information criterion 1029.7 6193.5

Notes: ADLs: Number of Activities of Daily Living for which respondents report difficulties. IADLs: Number of
Instrumental Activities of Daily Living for which respondents report difficulties. LOO information criterion: Leave-
One-Out information.
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The plots of the marginal posterior distributions of the shrinkage factor, using a =
3 and a = 4, for the M1 models on mortality and change in health, are depicted in
Figure A-6.1. As expected, for either value of a, from the results in the main body
of the manuscript, the density plots under the mortality models have fat left tails and
the distributions are more concentrated around the mean (0.97). On the other hand, the
distributions for the M1 models on change in health are even more concentrated near one.

Figure A-6.1: Marginal posterior distributions of the shrinkage factor, under the
different values of the hyper-parameter a
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A-7. Imputation techniques for the missing values

Regarding the missing values for the explanatory variables used for the mortality analysis
(174 respondents), first we investigate if these missing values are completely random
(missing completely at random, MCAR) or not. To do this we have performed the Little’s
test (Little 1988) (Test statistic = 446, p-value <1%). This result indicates that the 174
missing values for the explanatory variables cannot be treated as missing completely at
random. Next, we further assume that the missing mechanism is missing at random
and not missing not at random and we impute these 174 missing values using the fully
conditional specification method (Van Buuren et al. 2006). The beta coefficients for the
mortality M1 model using the imputed sample of size n = 9, 137 are presented in Table
A-7.1 (second column) and the estimated (posterior mean) hyper-parameters are w =
0.979 and g = 59.52. We do not observe any worth mentioned differences between the
results of the M1 ‘imputed’ model on mortality and the ones under the M1 mortality
model using the reduced dataset (see Table 3).

Table A-7.1: Posterior means (sds) [95% credible intervals] of the coefficients of
Bayesian logistic regression model M1 on mortality (second column)
and Bayesian logistic regression model M1 on self-reported change in
health (third column)

Coefficients Mortality model (M1) Change in health model (M1)
b0 (Intercept) –7.357 (1.452) [–10.174, –4.497] –1.846 (0.445) [–2.698, –0.935]
b1 (Chronological age) 0.040 (0.023) [0.017, 0.108] 0.009 (0.007) [–0.005, 0.024]
b2 (Female) –0.315 (0.185) [–0.678, 0.045] 0.058 (0.066) [–0.067, 0.189]
b3 (Black Americans or other) 0.061 (0.187) [–0.301, 0.432] –0.336 (0.068) [–0.467, –0.202]
b4 (Years of education) 0.037 (0.032) [–0.024, 0.104] 0.035 (0.011) [0.015, 0.058]
b5 (Self-rated health) –0.534 (0.112) [–0.758, –0.319] –0.451 (0.042) [–0.534, –0.373]
b6 (Number of ADLs) –0.034 (0.112) [–0.218, 0.141] 0.157 (0.038) [0.082, 0.232]
b7 (Number of IADLs) –0.069 (0.179) [–0.430, 0.274] 0.003 (0.074) [–0.144, 0.146]
b8 (Depression) 0.071 (0.041) [–0.011, 0.152] 0.101 (0.016) [0.070, 0.131]
b9 (Number of chronic conditions) 0.174 (0.064) [0.048, 0.297] 0.169 (0.025) [0.118, 0.216]
b10 (Household income) –0.201 (0.175) [–0.600, 0.063] 0.040 (0.030) [–0.019, 0.101]
b11 (Smoking status) 0.276 (0.118) [0.047, 0.512] 0.152 (0.042) [0.067, 0.233]
b12 (Divorced, widowed, or never married) 0.168 (0.191) [–0.203, 0.547] 0.044 (0.070) [–0.092, 0.183]
b13 (Vigorous exercise) –0.103 (0.080) [–0.263, 0.049] –0.015 (0.026) [–0.065, 0.037]

Notes: In the first case (second column) we have used imputation methods for the missing values of the explanatory
variables, while in the second case (third column) we have used Bayesian imputation methods to treat the missing
values in the dependent variable. ADLs: Number of Activities of Daily Living for which respondents report
difficulties. IADLs: Number of Instrumental Activities of Daily Living for which respondents report difficulties.

Regarding the missing values for the dependent variable ‘self-reported change in
health’ (1,628 respondents), we noticed that the majority of the respondents, about 90.5%,
participated in Wave 13 but not in Wave 14. The remaining 9.5% are respondents who
died between the two waves as well as those who participated but did not provide a re-
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sponse on their health change. To address this challenge, as a sensitivity check, we com-
pare the results of the M1 health model based on the reduced sample (n = 7, 335) (see
Table 4) to the ones using the M1 health model under the imputed dataset (n = 9, 137).
In the second case, by assuming that the missing mechanism is ignorable, the missing
values for the dependent variable ‘self-reported change in health’ are treated as unknown
parameters and simultaneously estimated (together with the rest of the model parame-
ters) using the posterior predictive distribution. The beta coefficients for the imputed
dataset, are presented in Table A-7.1 (third column) and the estimated (posterior mean)
hyper-parameters are w = 0.998 and g = 672.3. In this imputed dataset the impact of
household income on the dependent variable is now not significant, but apart from this,
no other material changes in the beta coefficients between the two M1 health models are
observed.
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