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Abstract

Comparison of mean residual life between mental disease patients and
healthy population in a national survey

By Xu Chen

Mental illness has a shockingly high prevalence across the globe and in the United
States, which has become a heavy public health burden. Many studies have shown that
people with mental illness are at high risk of mortality and morbidities. Understanding
the magnitude of premature mortality and underlying risk factors among patients with
mental disease has important implications for decreasing the burden of mental disease.

To quantifying the social and economic impact of mortality caused by mental
disease in a society, researchers and health policymakers need index that are easy to
understand for most people. One of the most commonly used methods measuring
premature mortality is years of potential life lost (YPLL). YPLL is an estimate of the
years a person would have lived if he or she had not died. Despite of its nice
interpretation, the estimate of YPLL is a biased estimate because censored data are not
included. Another method to measure the risk of premature death is Cox proportional
hazard model. But the estimated risk is not enough to portray the actual degree of year
gap between people with and without mental illness. We demonstrate an alternative
method to examine the premature mortality of mental illness patients in terms of mean or
median residual life. The objective of the thesis is to illustrate the use of mean or median
residual life methods in describing the two populations: individuals with and without
mental disease. We show that how policymakers can use the method of mean or median
residual life to summarize the data with censoring and to give nice and straightforward
interpretation.

Data are obtained from the 1989 National Health Interview Survey mental health
supplement, with mortality data through 2006. There are 80,850 participants in total,
among which 16,435 are dead during the follow-up time. Mean residual lifetimes and
median residual lifetimes are estimated and compared over the age range 24 to 100
between the populations with and without mental disease, using the empirical likelihood
test. In addition, gender, race and mental health insurance coverage modify the effect of
mental disease on premature mortality.
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1. Introduction

1.1 Burden and Causes of Mental Illness

Millions of people worldwide are affected by mental disease. Statistics in 2004 show
that mental disorders accounted for 13% of the global burden of disease, which is defined
as premature death and years lived with disability [1]. In the United States, one in four
adults experience mental health disorders, and mental disorders are among the most
common causes of disability [2]. The high prevalence of this disease raises the question
about understanding its impact on patients’ life length and advocacy for mental health.

Excess mortality and comorbidity among persons with mental illness has been
reported in a plethora of studies [3-5]. Although the excess deaths associated with mental
illness are partially attributed to unnatural causes, such as suicide, homicide and accidents,
increasing evidence has verified that general medical disorders explains more premature
deaths among mental disease patients. Research show that patients with psychiatric
disorder are at higher risk of comorbidities such as cardiovascular diseases, respiratory
illness, substance abuse and other physical illness, compared to general population [6-9].
A literature review on bipolar spectrum disorders reviewing 17 large studies states that
individuals with bipolar disorders are at significantly higher risk of premature death from
natural causes, such as cardiovascular, respiratory, cerebrovascular, and endocrine
illnesses [10]. Quantitative analysis results are given in a meta-analysis on excess
mortality of schizophrenia: “28% of the excess mortality is attributable to suicide and 12%

to accidents. The rest of the excess mortality is from the same broad range of conditions



which cause deaths in the general population.” [11] According to the 2001-2003 National
Comorbidity Survey Replication, a nationally epidemiological survey, “more than 68
percent of individuals with a mental disorder reported having at least one general medical
disorder” [12].

The fact that general medical disorders are major contributor to premature mortality
among mental illness patients underscores the importance of quantifying its effect and
identifying potential risk factors. Previous studies have presented many risk factors, such
as chronic stress, socioeconomic factors, smoking, excessive alcohol and drug
consumption, sedentary lifestyle, lack of nutrition and poor quality of health services [12].
Other critical determinants of mental illness worthy of attention include gender, race and
health-care system factors such as health insurance coverage.

Gender is strongly associated with mental illness, due to the long existing disparities
between men and women in terms of social economic status, power to control their own
life, access to health-related resources and other important determinant to mental health.
Striking gender differences have been found in mental disease patterns [13]. Race, unlike
gender, affects mental health in rather complex ways. Inconsistent results were found in
studies of race and mental health, because the patterns of racial disparity in mental health
vary by looking at different indicators of mental health status [14]. As for mental health
insurance, it provides financial protection for mental disease patients to receive sufficient
treatment and other mental health services. Those who uncovered with insurance are at

higher risk of low economic status, physical illness and subsequently bad life quality.



1.2 Problem Statement

Mathematical methods have been important tools in analyzing the magnitude of
premature death among mental health patients and the effect of risk factors. One of the
measures of premature death is years of potential life lost (YPLL).

YPLL is an estimate of the years a person would have lived if he or she had not
died [15]. It is calculated based on the life expectancy estimate for each age, which is
normally acquired by data from the Centers for Disease Control and Prevention (CDC).
The YPLL is defined as: the difference between a person’s age at death and the mean
survival age for a living cohort at that age [16, 17]. For example, if a person dies at age
50 in the year of 2012, and the statistics from CDC shows that the general cohort in year
2012 at age 50 are expected to live up to 75 years old, then the year of life lost for this
individual is 25. According to the concept, YPLL only can be calculated for decedents.

The YPLL has been brought into attention since 1982, when CDC included YPLL
measure in its standard set of tables of reported disease. It is promoted as an important
index in quantifying the social and economic impact of mortality in a society. We can
know about how many years the individual dies before the “natural” time, which leads to
loss of life length and possible contribution to the society. The advantage of this approach
is that this measurement is quite easy to comprehend for most people, in contrast to usual
mortality statistics, such as mortality rate, which are less intuitive. By focusing on a
specific cause of death or a certain group of population, YPLL can also highlights causes

of premature mortality or subgroups in great need of health intervention. Its nice



interpretation permits policymakers and caregivers to comprehend the causes and
demographical distribution of premature death burden and prioritize people most at risk.
However, this measure will easily cause bias on estimating premature death when the
study population includes both decedents and people who are alive at the end of study. To
calculate YPLL for this population, one has to exclude subjects alive, and calculate each
decedent’s YPLL. The exclusion of the living cohort results in not only loss of
information, but also biased estimation of excess death impact on the whole population.
Due to the shortcoming of YPLL, alternative methods are needed to study the
population with both dead and living individuals. This is the typical situation where
survival analysis is employed. Seeing the occurrence of death as event, and individuals
alive as censored observation, we are able to compare difference of mortality between
two populations using methods such as log-rank test or Cox proportional hazard
regression model. Log-rank test is a commonly used nonparametric hypothesis test to
examine the equivalence of two groups’ overall survival curves, which requires no
assumption on the two groups’ hazard distribution. Another method, Cox regression
model, enables to take explanatory variables into account. The only assumption for this
model is that the hazard ratio between two populations is constant over time. In spite of
their wide applicability, these two methods are limited in that they fail to provide
estimation of expected lifetime and make comparison between groups at any time points.
A myriad of health service research have investigated how mental illness affects life

length and possible ways to address this problem utilizing the two statistical methods



mentioned above. One example is Druss et al. [18], which examined the magnitude and
complex causes of premature death using national representative data from 1989 National
Health Interview Survey mental health supplement. Years of potential life lost were
calculated for decedents to quantify the year gap between general population and mental
disorder patients. Cox proportional hazard model was used as well to examine the relative
risk of mortality for persons with mental illness, and potential risk factors contributing to
mortality. The paper found a two-fold increase in the risk of mortality for mental disease
patients, and 82% of the excess mortality can be explained by socioeconomic status,
health care accessibility and baseline physical conditions, adjusted for demographics.
Although this study provides important insights about excess rates of mortality
under a national context, the results of YPLL and the age gap between decedents with
and without mental illness might be biased. It has been pointed out that since the whole
population has both decedents and subjects alive, the YPLL calculated from only dead
cohort provide incomplete information about the total study population. In addition, the
estimate of excess mortality risk from Cox proportional hazard model fails to portray the
actual degree of the year gap between population with and without mental illness. For
example, when we state that persons with mental disease have twice the risk of death than
those without mental disease, we cannot know exactly the difference of number of years
they can live. This method is not enough to provide a complete picture of the burden that
excess death imposed on this national population. Thus, a new measure of premature

mortality is needed to gauge its magnitude.



1.3 Purpose Statement

There has been a lot of effort focused on improving mental health status in the
nation. However, the quality and efficiency of mental health care is still far from
satisfaction. To promote actions aiming to reduce unnecessary premature mortality
caused by mental illness and to evaluate competing claims for allocation of health
resources, we need a better understanding of the impact and the mechanism of mental
illness.

Achieving the goals of reflecting magnitude of mental illness caused excess death
for a general population requires a quantitative measure that is applicable to data subject
to censoring. YPLL, though has nice interpretation, excludes subjects alive and tends to
conclude to biased result. Proportional hazard model fails to provide the actual year gap
between people with and without mental illness. In this case, mean residual life or median
residual life is a good choice.

The mean residual lifetime for a person at a certain age estimates the expected
remaining life length he or she has given that person’s age. The mean residual life or
median residual life function have been promoted by many researchers as practical
summary of the lifetime distribution and residual life expectancy. We can calculate the
mean/median residual lifetimes for population with and without mental illness at a given
age, then compare them to examine how many years the gap is. This method is desirable
for reflecting excess death in a general population in that it incorporates information

about death from both censored and uncensored subjects, and that it has good and



straightforward interpretation. The comparison of mean/median residual lifetimes
provides a more accurate and clear picture of premature mortality by describing the
number of years that mental disease patients have short of general people at any age.
These results are easier to be understood by policy makers and the general public than
other mortality measures, which enables public health practitioners to call more attention

to mental health problem and promote reforms on mental health care.

1.4 Objectives

The purpose of this article is to demonstrate utilization of an alternative method
measuring excess mortality of individuals with mental disease. We estimated and
compared the mean residual lifetimes of persons with mental illness with general
population in the United States during selected follow-up years to examine whether there
is significant difference in their life length at given ages. In addition, we examined some
potential risk factors about their effects on premature mortality. The nationally

representative sample provides the generalizability of our study findings.



2. Methods

2.1 Study Setting

The National Health Interview Survey (NHIS) has monitored the health of the
United States since 1957. NHIS data on a broad range of health topics are collected
through personal household interviews. In 1989, the National Institute of Mental Health
in collaboration with the National Center for Health Statistics developed a special mental
health supplement to the NHIS for the purpose of estimation the prevalence of serious
mental illness in the United States[19]. The supplement survey got a response rate of
97%[19]. Mental diseases listed in the survey include schizophrenia, paranoid or
delusional disorder, manic episodes, manic depression, major depression and personality
disorder.

The death records for the survey subjects were obtained from National Death Index
(NDI) mortality data with a range from 1989 to 2006. Then it was linked to 1989 NHIS
mental health supplement. Therefore, duration of follow-up for decedents was calculated
as the difference between the year of NHIS interview and the year of death; for
respondents alive by 2006, follow-up time was the duration from NHIS interview to the
end of 2006.

The NDI includes data both for overall mortality and cause-specific mortality for
individuals older than age 18. Data met the following inclusion criteria were collected for
analysis: eligible for mortality follow-up, sample weight greater than 0 and with no

missing record on mental diagnosis[18]. The study population includes 80,850



participants, within which 16,435 are decedents.
Cause of death was determined using the underlying cause of death as documented
by ICD-10 code groups. Record of death cause was available for 99.5% of decedents[18].

Unnatural causes of death include suicides, homicides and accidents.

2.2 Mean Residual Life

Because of the nature of the survival data, it is important to be able to describe or
predict the residual life distribution of the subjects in the study. For example, at a
diagnosis of cancer, patients may wish to know how many years they are expected to
survive given their ages and how long there life may be prolonged if they undergo some
cancer treatment. In social science, researchers are interested in the relationship between
people’s duration stay on a job and their willingness to move to a new job.

Mean residual life is introduced to answer these questions. Let X be the random
variable with a life distribution F with finite first moment. Let the survival function be

S(t)=1-F(t). The mean residual life function m(t) at a given time t is defined as

_(E[X —t|X > t] forS(t) >0
m(o) = {0 forS(t) =0

Where E(.) is the expectation. It can be interpreted as the expected additional life
length given a subject survived up to time t.[20]

In the situation of cancer survival prediction, for a patient with age 50, for example,
m(50) provides the expected remaining life length given that the patient has reached age

50. In the social science, increasing mean residual life is frequently found in job mobility
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studies: the longer a person has been on a job, the less possible he or she wants to move
to a new job [20].

Mean residual life function has many attractive properties. It is a good alternative to
hazard function. While hazard function provides information about a small interval right
after a time point t, the mean residual life function at time t considers the whole interval
after that time point[20]. From the practical standpoint, the mean residual life function
allows researchers and clinicians understand advantages of a specific treatment regime in
terms of the expected remaining life length of patients, in contrast of hazard function,

which requires substantial knowledge of statistical concepts.

2.3 Median Residual Life

Median residual life function is the quantile counterpart of mean residual life
function. Median residual life at a time point is defined as the median of the remaining
lifetimes among survivors beyond that particular time point[21]. Let X be the random
variable with a life distribution F, then the median residual life function at a given time t
is Med(t) = median|[X — t|X > t]. In other words, median residual life Med(t) is the
time point ¢ that solves the equation %t;;p) = 0.5 [22].

Though mean residual life function has many good properties, there exist some
shortcomings with it. The estimation of mean residual life will be strongly affected by

few outliers, which results in unstable results. In this case, median residual life is

recommended as a better behaving alternative.
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2.4 Empirical Likelihood Ratio Test

Empirical likelihood is a nonparametric method of statistical inference, which
parallels the theory of parametric likelihood, but requires no assumption on the
underlying distribution of the data in model[23]. First employed by Thomas and
Grunkemeier[24], this method was further applied in survival analysis by Owen[25], who
devised the method to construct confidence interval for mean and some other statistics
using empirical likelihood ratio test. Empirical likelihood ratio test attracts great attention
because it inherits the advantages of likelihood ratio test and can be adopted in quite
general settings.

Suppose that Xj, ..., X, are i.i.d. nonnegative random variables of interest from a
continuous life distribution F,. Independent of the X there are censoring time Cj, ..., C,
which are i.i.d. with a distribution G,. We can only observe:

T; = min(X;,C); 6; =1[X; <C;]] fori=12,..,n
where n is the number of observations, T; is the observed survival time and §; is the
censoring indicator.

Let p; denote the probability mass function of the observation T;, the empirical
likelihood (EL) for the observed data (T;,&;) is EL = ?=1[pl-]6" [1—p;]*7%. It has
been shown that the Kaplan-Meier estimator computed from (T;,§;) maximizes the
above empirical likelihood with respect to p;. Let us denote the maximum empirical
likelihood value obtained by plugging in Kaplan-Meier estimates as EL(KM).

In this study, the null hypothesis for the empirical likelihood ratio test is
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Hy: Y, g(T)p; = 6, where 0 is the mean residual life or median residual life we wish
to test, the quantity ), g(T;)p; is a general form for the definition of mean/median
residual life. We will discuss the specified g-function for mean residual life and median
residual life below.
So an extra constraint condition is added to the maximization of the likelihood:
19(T)p; = 0, where g(t) is a given function such that 0 < Varg(T) < o and 6
is the value that is of interest.
Zhou and Jeong[22] showed that once the constrained maximum is obtained, which

we denote as EL(Constrain), then the empirical likelihood ratio statistic,

EL(Constrain)
EL(KM)

-2log , converges in distribution to a chi-square distribution.

According to the definition of mean residual life function,

[7sdF(s) [T 1-F(s)ds

m(t):E[X—t|X>t]=E[X|X>t]_t:1_—1:(t)_ T 1-F(t)

Then the hypothesis Hy: m(t) = @ can be written as

) too sdF(s) B

e

which is also equivalent to
H,: foo[s —(t+w]dF(s)=0
t
if we write |, too dF(s) =1 — F(t). So, the g-function for mean residual life testing is
g9(s) =[s — (¢ + Wllssn

For median residual life Med(t), which has been defined as the time point ¢ that
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solves the equation %t;;p) = 0.5, it can also be written as the solution to F(t + ¢) —
0.5 x F(t) = 0.5. Then the hypothesis test for the median residual life Hy,: Med(t) = b
is equivalent to the test H: fooo gp(s)dF(s) = 0, where

Ip(8) = Is<xab)) — 0.5 * Ijs<x) — 0.5. gp(s) is the g-function for testing median

residual life [22, 23, 26].

2.5 Two-Sample Mean Residual Life Comparison

A variety of methods have been proposed to estimate and make inference on the
mean residual life function[27-29]. For this study, the estimation is conducted via the
empirical likelihood ratio test for censored survival data. This method doesn’t require
estimation of underlying density function, and inherits good properties of the likelihood
test[22].

The two-sample mean residual lifetimes comparison is developed from the test
introduced in 2.4. If we are to test the equality of two mean residual life at age ¢,
expressed as Hy: % =1, where m;(t,) (i = 1,2) denote the mean residual time
from sample i at age t,, we shall first evaluate the auxiliary hypothesis: Hyo: my(ty) =
m,(t,) = 0, where 6 is a randomly chosen time point within support values. This
hypothesis can also be written as two hypotheses: Hy,: m,(ty) = 6 and Hy,: m,(t,) =

6. Two test statistics for those two hypotheses using empirical likelihood ratio test can be

obtained, denoted as W;(6;t,) and W,(0;t,). Then the test statistic for the original
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hypothesis Hy: malto) _ 1 is Q(6) = miny W1 (6;t0)+W2(6;t0)

o 5 , which follows a chi-square

distribution with 1 degree of freedom under the null hypothesis.

2.6 Cox Proportional Hazards Model

Cox proportional hazards model is one of the most commonly used methods in
survival analysis. This method is able to take all available information into consideration,
including those subjects on whom the event of interest doesn’t happen. It is usually used
to assess the importance of various covariates in the subjects’ survival times. The basic
assumption for proportional hazard model is that the hazard, or risk, for an individual is
consist of two parts: the baseline hazard function describing how the hazard changes over
time when the covariates all have no effect; and the effect parameters, describing how the
hazard varies in response to explanatory covariates. The expression of the Cox regression
model is h(t; x) = ho(t)exp (B1x1 + -+ + Brxy), where h(t;x) is the hazard function
of a subject at time t with covariate values xy,..., Xy, ho(t) is the baseline hazard
function, when the covariates are all zero, B4, ..., fx are the regression coefficient for
covariate Xy, ..., Xy, respectively [30]. This assumption implies that the ratio of the two
hazard functions for two different levels of a covariate should be constant over time.

One big advantage of Cox proportional regression model is that there is no need to
specify the baseline hazard function. So the effect of covariates on hazard can be
estimated without making assumption on the baseline function form, which allows this

regression model to be widely applied to various data and study.
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However, the proportional hazard assumption should be tested to make sure that this
regression model is appropriate for the data. P. Grambsch and T. Therneau [31] have
developed diagnostics for the proportional hazard assumption based on weighted

residuals. We used this method in the study to verify the proportionality.

2.7 Potential Risk Factors

Three potential risk factors associated with excess mortality among individuals with
mental illness were selected: gender, race and mental health insurance coverage. Cox
proportional hazard models were used to analyze the hazard ratio of death for persons
with mental disorder over those without the disorder, adjusting for gender, race and
mental health insurance, respectively. We also divided study subjects into subgroups
based on their gender, race and health insurance coverage. Then comparisons of mean

residual lifetimes were made within each of the subpopulation.

2.8 Statistical Analysis

Demographic analyses adjusted for complex survey design were conducted in
Survey Data Analysis (SUDAAN). All the means and standard deviations were
calculated with survey weights taken into account. Hazard ratios with their 95%
confidence intervals were calculated in SAS. First we examined the relative hazard rate
of mortality for subjects with mental disease. Then explanatory variables were added into

the model. Mean/median residual life estimation and two-sample mean residual lifetimes
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comparisons were conducted in R using package “emplik”[32]. R code for the analysis is

included in the Appendix C.

3. Results

Table 1 presents descriptive information for the study population. 1725 survey
subjects, out of a total of 80,850 participants, reported mental disorder in 1989. Mean age
of individuals with mental disorder was 42.4, slightly younger than the population
without mental disease (mean age 43.8). Gender and race composition was similar in
these two groups. Individuals without mental illness had significantly larger percentage
of mental health insurance coverage (p<0.001).

There were a total of 463 decedents with mental illness and 15,972 decedents
without mental illness up until 2006(Table 2). Mental illness patients showed higher
proportion of death (26.8% vs. 20.2%) during the 17-year follow-up period. The median
survival time for those with mental illness is 77.5£1.2, which means at age of 77.5, half
of the mental illness patients have died. While the median survival time for those without
mental illness is 84.4+0.1, a difference of 7 years. The higher median age for both
populations indicates that most death happens around the age 70 and older. Among the
463 decedents with mental disorder, only 25 persons (5.4%) died from unnatural causes
(that is, suicide, homicide and accidents). This proportion is similar among the general
population: 714 out of 15,972 deaths (4.7%) are caused by unnatural causes.

The Kaplan-Meier estimation for the two groups shows that mental disease patients
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are likely to live shorter than persons without mental disease, especially after age of 40
(Fig. 1). Table 3 summarizes the survival probability at several ages with the 95%
confidence intervals obtained from the Kaplan-Meier curve for people with and without
mental illness. A majority of mental illness patients die between the age of 60 and 90,
with the biggest reduction of survival probability happens after age 70. Dissimilarly, the
survival probability for general population drops fast after 70, especially after age 80.
This is consistent with the different mean survival age of two populations. At early ages,
mental illness patients also tend to have smaller survival probability compared to people
without mental disease. The difference of survival probability increases between the two
groups as the age grows. The largest difference, as much as 20%, shows at the age 80.
The survival trajectories are significantly different for these two populations (p<0.001 for
log-rank test). It indicates that mental disease has significant impact on the patients’
survival time.

Figure 2 shows the mean residual lifetime estimations for mental disease and
non-mental disease groups over the age 24 to 100. We chose these two cut points because
of the scarcity of death before 24 and after 100. Overall, the expected remaining life is
always shorter for persons with mental disorder at all ages, compared with those who
don’t have mental disorder. The difference between two curves becomes smaller as the
age goes larger. The tail performs unstable due to limited number of events. Table 3
reports the estimations of mean residual life and median residual life for people with and

without mental illness at age 30 to 90, at every ten years. Significant differences are
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shown at age 40 (p=0.044) and 60 (p=0.034). We can observe a decreasing year gap
between the two populations in terms of mean residual lifetimes and median residual
lifetimes. For example, a mental illness patient at age 40 is expected to have 36.4
remaining life length, while a 40-year-old person without mental disease has 43.7
additional years to live, a difference of 7 years. But at age 80, there is only 2 years gap
between the two populations. Similar results can be found for median residual life. This
trend is congruent with that reflected in the difference of survival probabilities over age.
Cox regression models were used to examine the effects of covariates gender, race
and mental health insurance coverage. In the Cox proportional hazard model with the
only covariate mental illness, the risk of mortality doubles [hazard ratio=2.09, 95% CI
(1.90-2.29)] (Table 5.1). Existence of mental illness contributes significantly to the
regression model (p<0.001). Other three univariate models, which includes just gender,
race and mental insurance coverage, respectively, display statistically significant
association between the explanatory variable and the outcome (Table 5.1). After
controlling for gender, mental disease is still associated with more than 2-fold increase in
death risk [hazard ratio=2.12, (1.93-2.33)]. The relative hazard rate of death adjusted for
race is similar to that in unadjusted model [hazard ratio=2.08, (1.91-2.29)]. Adding
mental health insurance as covariate, the hazard ratio for general people over mentally ill
subjects stays roughly the same [hazard ratio=2.04, (1.86-2.23)] (Table 5.2). Adjusting
for gender, race and mental insurance coverage, the existence of mental illness still

doubles the risk of mortality [hazard ratio=2.07, (1.88-2.27)]. Mental disease always
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statistically significantly elevates the risk of mortality no matter what gender, race or
insurance status the patients are. However, graphical diagnostic for the proportional
hazard assumption shows severe departure from the proportionality assumption for each
covariate, indicating that proportional hazards model may be inadequate to describe the
effect of these covariates on life length. (Figure 3)

An alternative way to examine the effect of a specific risk factor is to divide up the
population according to the risk factor and examine the subpopulations in terms of their
mean residual lifetimes. We split the population by gender, race and insurance coverage,
respectively, and examine the difference of mean residual life length between those with
and without mental illness. Results show that the effect of mental disease on excess
mortality still exists, but becomes weaker in certain sub-groups and stronger in some
other sub-groups. Table 6 summarizes the mean residual life comparison at six age points
for mental disease and non-mental-disease population within male and female. For male
and female, the differences between two populations are not statistically significant.
Notice that female always have slightly longer expected residual lifetime than male no
matter of their age and mental health status. Within race sub-groups, the mental health
status doesn’t make difference on the expected remaining life length (Table 7). No
statistically significant result is shown for mean residual life comparison within white,
black and others groups. Mental disease insurance coverage turns out to be a contributing
factor to premature mortality (Table 8). For the population without mental disease

insurance coverage, there are statistically significant differences of mean residual life
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between mental illness patients and healthy individuals (p=0.02 at age 60, p=0.004 at age
70 and p<0.001 at age 80). The difference is not significant for those who are covered by

mental disease insurance.

4. Discussion

The purpose of this study is to demonstrate an alternative measure of excess
mortality of individuals with mental disease in a population-based, nationally
representative sample. We compared mean residual lifetimes for people with and without
mental illness at given ages, and examined the existence of significant difference. The
finding in the study is consistent with previous research conclusions that persons with
mental illness have shorter expected remaining life length compared with those in the
general population [5, 16, 18]. We find 2-fold increase in the risk of mortality for
individuals with mental illness from the proportional hazard model. From the perspective
of mean residual lifetime, mentally ill people have as many as 7 years shorter residual life
length compared to general population. Previous studies have also suggested that natural
causes of deaths make up the majority of mortality among mental disease patients. This is
true in the study presented here as well.

Druss et al. [18] has calculated the years of potential lost (YPLL) for those who died
in this study population. Nevertheless, as we have pointed out, it is a biased result
because it only includes information about decedents and ignores the censored

observations. This point can be attested if we compare the YPLL and the mean residual
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lifetimes. The YPLL for decedents with mental disorder is 11.3+0.6, for decedents
without mental disorder is 5.94+0.1. The difference is 5.4 years. In terms of mean residual
life, the difference between these two populations changes from 7.6 years at age 30 to 2
years at age 80.

Inconsistent results are found from the two statistical methods regarding the effects
of potential risk factors--gender, race and mental disease insurance. Proportional hazard
models show that relative hazard rate of mortality stays approximately same before and
after adjusting for these risk factors. Mental disease always doubles the risk of death, no
matter what gender, race and health insurance status the patients are. Whereas the mean
residual life comparison between mental disordered people and general population
becomes not significant when we only look at the male/female and white/black/others
subpopulation. This incongruity may be caused by the differential underlying assumption
of these two methods: proportional hazard model assumes the hazard functions for the
two subgroups are proportional over time, while mean residual life comparison only
looks at a certain time point. The mean residual life lengths comparison makes more
sense in this study setting, because the proportional hazard assumption can hardly stand
over the whole life course. The only congruency appears in the subgroup where people
are uncovered by mental insurance. Those who don’t have insurance on mental disease
are at higher risk of mortality and have shorter residual life at age 50 or older. This
finding suggests that lack of financial protection and access healthcare is one reason of

the mortality gap for persons with mental disorders.
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Most studies examining excess mortality have study populations that are typically
from a small number of communities or states. Studies have examined premature
mortality within community-based samples, which are mental disease patients seeking
treatment at community mental health centers[16, 33]. The study presented here
expanded previous work by measuring excess mortality in a nationally representative
sample. The use of treated samples may present bias in the analysis because these
populations have more access to health services than the general population. It would be
difficult to assess the role of healthcare in these studies. These subjects also tend to be
poor than patients in hospitals residence, making it challenging to fully adjust for
socioeconomic status factors. Multistate studies also lack nationally representativeness
because the properties of states such as population composition and economic level
would obscure possible influence factors.

This study also makes contribution by estimating the expected remaining life and
comparing between groups at any given age. Instead of looking at premature mortality
over all ages, our method is able to quantify the difference of mean residual life at any
age of interest. Thus, if we are interested in examining any age-specific effect of mental
disease on excess death, the mean residual life comparison method is a good choice.
These advantages enable researchers and policy makers to better understand the impact of
mental illness and the age trend of the impact, which will help to establish public health
priorities at patients’ different ages.

Several limitations exist of this study. First, all two-sample mean residual life
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comparisons are conducted at a specific age. Bathke et al. [34] proposed a method to
combine multiple tests in censored data using empirical likelihood method. Future
researchers could combine the two-sample tests at several ages to form an overall
two-sample test. Second, it would be of interest to have the proportional mean residual
life model analogous to proportional hazards model, which can examine the difference of
mean residual lifetimes between the two populations adjusting for covariates. There is
some limited work about the proportional mean residual life model [35, 36], but we
didn’t implement it due to lack of software. Third, the method will fail to compute
median residual life if the survival curve does not fall down to 0.5 (50%). In this case,
only mean residual lifetime can be utilized. Fourth, the power of two-sample mean
residual life test within subgroups is probably weak owing to smaller sample size. When
we divide up the population and only examine the effect of mental illness in specific
subgroups, we may have insufficient sample size to detect the difference of mean residual

life between group with and without mental disease.

5. Conclusions

We find that individuals with mental illness have shorter remaining life expectancy
compared to those without mental illness in a nationally representative population. Some
potential risk factors, such as mental health insurance coverage, are related to the life

expectancy gap. The study finding suggests that the mean residual life can be adopted as
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a desirable measure to quantify premature mortality and better understand the burden of
mental disease at various ages and within specific subgroups. It is important for

policymakers to prioritize resources to those at most risk.
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Appendix A. Tables

Table 1. Demographic and Clinical Characteristics

Characteristics  Mental Disorder = No Mental Disorder P*
(n=1725) (n=79125)
Age, years 42.4+0.5 43.8+0.2 0.007
Male sex, n(%) 772(45.9) 36,655(47.6) 0.21
Race 0.24
White, n(%) 1399(84.2) 64,890(84.2)
Black, n(%) 262(11.8) 10,576(10.9)
Other, n(%) 64(4.0) 3659(4.9)
Mental health 610(64.1) 28,773(71.7) <0.001

insurance, n(%)

*p-value for design-adjusted statistical test

Table 2. Decedents Descriptions and Cause of Death

Mental Disorder No Mental Disorder

(n=463) (n=15,972)
Number of decedents between 1989 and  463(26.8% of 1725) 15,972(20.2% of 79,125)
2006, n(% of the whole population)
Unnatural cause of death, n(%) 25(5.4%) 714(4.7%)
Median survival age, years 77.5+1.2 84.8+0.1

Note: In Druss et al,, the years of potential life lost (YPLL) is calculated for decedents. For those with
mental disorder, the YPLL is 11.3+0.6; for those have no mental disorder, the YPLL is 5.9+0.1. These

are not reported in the table because they are biased measure.

Table 3. Probability of Survival based on Kaplan-Meier Curve, with
95% Confidence Interval

Age Mental Disorder No Mental Disorder
(n=1725) (n=79125)
30 0.998(0.996-1) 0.999(0.998-0.999)
40 0.986(0.981-0.992) 0.994(0.994-0.995)
50 0.945(0.933-0.957) 0.982(0.981-0.983)
60 0.868(0.848-0.888) 0.952(0.950-0.954)
70 0.686(0.653-0.720) 0.870(0.867-0.874)
80 0.420(0.377-0.468) 0.661(0.655-0.668)
90 0.149(0.111-0.201) 0.294(0.286-0.302)
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Table 4. Residual Life Comparison Between Individuals With and Without Mental Disorders

Mean Residual Life Median Residual Life

Age Mental No Mental P* Mental No Mental P*

Disorder Disorder Disorder Disorder

(n=1725) (n=79125) (n=1725) (n=79125)
30 45.9 53.5 0.069 47.5 55.0 0.176
40 36.4 43.7 0.044 37.5 45.0 0.125
50 27.7 34.1 0.051 28.0 35.0 0.090
60 19.7 25.0 0.034 19.5 25.5 0.123
70 13.3 16.8 0.063 12.5 16.5 0.160
80 8.4 10.3 0.197 7.7 9.2 0.080
90 4.2 6.4 0.258 3.3 4.3 0.310

*p-value for two-sample mean residual lifetimes statistical test

Table 5.1. Univariate Effect on Survival, Hazards Ratio with 95% Confidence Interval

Covariates Univariate

Mental illness 2.09 (1.90-2.29)

Female sex 0.62 (0.60-0.64)

Race
Black 1.32 (1.26-1.38)
Others 0.90 (0.82-0.99)

No mental insurance 1.72 (1.61-1.83)

coverage

* All covariates contribute significantly to the Cox regression model
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Table 5.2. Multivariate Effect of Mental lliness on Survival, Hazards Ratio with 95% Confidence
Interval

Adjusted for Adjusted for all

Covariates Adjusted for sex  Adjusted for race insurance covariates
Mental illness 2.12(1.93-2.33) 2.08(1.91-2.29) 2.04 (1.86-2.23)  2.07 (1.88-2.27)
Female sex 0.62 (0.60-0.64) 0.63 (0.61-0.65)
Race

Black 1.32 (1.26-1.38) 1.31 (1.25-1.36)
Others 0.90 (0.82-0.99) 0.84 (0.76-0.93)
No mental 1.70 (1.60-1.81)  1.67 (1.56-1.77)

insurance coverage

* All covariates contribute significantly to the Cox regression model

Table 6. Mean Residual Life Comparison Between Individuals With and Without
Mental Disorders, by Gender

Male Female

Age Mental No Mental P Mental No Mental P

Disorder Disorder Disorder Disorder

(n=772) (n=36655) (n=953) (n=42470)
30 42.7 50.8 0.129 48.7 55.4 0.238
40 33.2 411 0.096 39.1 45.6 0.210
50 24.9 31.6 0.093 30.0 35.9 0.191
60 16.8 22.6 0.079 221 26.7 0.191
70 10.2 14.6 0.109 15.7 18.2 0.262
80 6.3 8.6 0.285 9.5 11.1 0.318

*p-value for two-sample mean residual lifetimes statistical test

Table 7. Mean Residual Life Comparison Between Individuals With and Without Mental
Disorders, by Race

White Black Others
Age  Mental No Mental P Mental  No Mental P Mental No P
Disorder  Disorder Disorder  Disorder Disorder =~ Mental
(n=1399) (n=64890) (n=262) (n=10576) (n=64)  Disorder
(n=3659)
30 46.1 53.8 0.10 445 51.0 0.50 45.9 55.0 0.57
40 36.6 43.9 0.06 35.0 41.4 0.46 35.9 45.3 0.52

50 28.0 34.3 0.08 26.3 32.2 0.44 28.1 35.7 0.53
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60 19.8 25.1 0.05 18.9 23.5 0.45 19.8 26.7
70 13.1 16.8 0.10 14.7 16.1 0.55 13.1 18.7
80 8.2 10.2 0.24 8.9 10.4 0.56 8.3 11.6

0.50
0.45
0.07

*p-value for two-sample mean residual lifetimes statistical test

Table 8. Mean Residual Life Comparison Between Individuals With and Without
Mental Disorders, by Mental Health Insurance Coverage

Mental Illness Insured Mental Illness Uninsured
Age Mental No Mental P Mental No Mental P

Disorder Disorder Disorder Disorder

(n=610) (n=28773) (n=1115) (n=50352)
30 46.3 52.9 0.194 40.2 50.3 0.09
40 36.6 431 0.154 30.8 40.8 0.06
50 27.5 33.5 0.128 22.4 31.7 0.05
60 18.6 24.4 0.10 14.4 23.5 0.02
70 12.4 16.4 0.105 8.7 17.1 0.004
80 7.8 10.1 0.175 3.2 12.8 <0.001

*p-value for two-sample mean residual lifetimes statistical test
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Appendix C. R Code Samples

1. R Codes for mean residual lifetime estimation and two-sample comparison,
generating Table 4, Figure 2 and Table 5

nhhisdata<-read.csv("/Users/Tracy/Desktop/study/Thesis/data_9var.csv", he
ader=T)

healthsub<-subset(nhisdata,anymental==2)
illsub<-subset(nhisdata,anymental==1)

HAHHHHHE for the whole population, Table 4 HAAAAAAAAA
library(emplik)
Age<-seq(24,100)
MRLhealth<-rep(1,77)
MRLill<-rep(l,77)
p_value<-rep(1,77)
mygfun<-function(s,age,muage){as.numeric(s>=age)*(s-(age+muage))}
for(AGE in 24:100){
temp<-WKM(Chealthsub$end_age,heal thsub$MORTSTAT)
tivec<-temp$times
pivec<-temp$jump
pivec[tivec<AGE]<-0
Sage<- sum(pivec)
fenzi<-sum((tivec-AGE)*pivec)
MRtimel<-fenzi/Sage
MRLhealth[AGE-23]=MRtimel

temp<-WKM(illsub$end_age,i11sub$MORTSTAT)
tivec<-temp$times
pivec<-temp$jump
pivec[tivec<AGE]<-0
Sage<- sum(pivec)
fenzi<-sum((tivec-AGE)*pivec)
MRtime2<-fenzi/Sage
MRLi11[AGE-23]=MRtime2

if (AGE%%10==0 & AGE!'=100){
samemr=(MRtimel+MRtime2)/2
theta<-seq(samemr-5, samemr+5)
W1l<-rep(1000,length(theta))
W2<-rep(1000,1length(theta))
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U<-rep(1000,1length(theta))
for(i in 1l:1length(theta)){

Wi[i]<-el.cen.EM2(x=healthsub$end_age,d=healthsub$MORTSTAT, fun=mygf
un,mu=0,age=AGE ,muage=thetal[i])$ -2LLR"

W2[i]<-el.cen.EM2(x=illsub%$end_age,d=i11sub$MORTSTAT, fun=mygfun,mu=
0,age=AGE ,muage=thetal[i])$ -2LLR"
ULi]<-(W1[iJ+W2[i])/theta[i]
ks
Ustat=min(U)
p_value[AGE-23]=pchisq(Ustat,1,lower.tail=F)
ks

ks
table<-data.frame(cbind(Age,MRLhealth,MRLill,p_value))

SRR mean residual life plot, Figure 2 HAHAAAA
plot(Age,MRLhealth,xlab="Age",ylab="Mean Residual Life",type="1",1ty=1)
lines(Age,MRLill,type="1",col=3,1ty=2)

legend(70,60,c("No Mental Disease","With Mental
Disease"),lty=c(1,2),1wd=c(1,2,1.5,2.5),col=c(1,3))

AR by sex, Table 5 #####A##HHH#HANIHIH]
menhealthsub<-subset(healthsub,SEX==1)
womenhealthsub<-subset(healthsub,SEX==2)
menillsub<-subset(illsub,SEX==1)
womenillsub<-subset(illsub,SEX==2)
Age<-seq(24,100)
MRLhealth<-rep(1,77)
MRLill<-rep(l,77)
p_value<-rep(1,77)
mygfun<-function(s,age,muage){as.numeric(s>=age)*(s-(age+muage))}
for(AGE in 24:100){
temp<-WKM(menhealthsub$end_age,menheal thsub$MORTSTAT)
tivec<-temp$times
pivec<-temp$jump
pivec[tivec<AGE]<-0
Sage<- sum(pivec)
fenzi<-sum((tivec-AGE)*pivec)
MRtimel<-fenzi/Sage
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MRLhealth[AGE-23]=MRtimel

temp<-WKM(menillsub$end_age,menillsub$MORTSTAT)
tivec<-temp$times
pivec<-temp$jump
pivec[tivec<AGE]<-0
Sage<- sum(pivec)
fenzi<-sum((tivec-AGE)*pivec)
MRtime2<-fenzi/Sage
MRLi11[AGE-23]=MRtime2

1f (AGE%%10==0 & AGE!=100){
samemr=(MRtimel+MRtime2)/2
theta<-seq(samemr-5, samemr+5)
Wl<-rep(1000,1length(theta))
W2<-rep(1000,1length(theta))
U<-rep(1000,1length(theta))
for(i in 1l:length(theta)){

Wi[i]<-el.cen.EM2(x=menhealthsub$end_age,d=menhealthsub$MORTSTAT, fu
n=mygfun,mu=0,age=AGE ,muage=thetal[i])$ -2LLR"

W2[i]<-el.cen.EM2(x=menillsub$end_age,d=menillsub$MORTSTAT, fun=mygf
un,mu=0,age=AGE ,muage=theta[i])$ -2LLR"
ULi]<-(W1[i]+W2[i])/thetali]
ks
Ustat=min(U)
p_value[AGE-23]=pchisq(Ustat,1,lower.tail=F)
ks

ks
table_men<-data.frame(cbind(Age,MRLhealth,MRLill,p_value))

MRLhealth<-rep(1,77)
MRLill<-rep(l,77)
p_value<-rep(1,77)
mygfun<-function(s,age,muage){as.numeric(s>=age)*(s-(age+muage))}
for(AGE in 24:100){
temp<-WKM(womenhealthsub$end_age ,womenheal thsub$MORTSTAT)
tivec<-temp$times
pivec<-temp$jump
pivec[tivec<AGE]<-0
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Sage<- sum(pivec)
fenzi<-sum((tivec-AGE)*pivec)
MRtimel<-fenzi/Sage
MRLhealth[AGE-23]=MRtimel

temp<-WKM(womenillsub$end_age,womenillsub$MORTSTAT)
tivec<-temp$times
pivec<-temp$jump
pivec[tivec<AGE]<-0
Sage<- sum(pivec)
fenzi<-sum((tivec-AGE)*pivec)
MRtime2<-fenzi/Sage
MRL111[AGE-23]=MRtime2

1f (AGE%%10==0 & AGE!=100){
samemr=(MRtimel+MRtime2)/2
theta<-seq(samemr-5, samemr+5)
Wl<-rep(1000,1ength(theta))
W2<-rep(1000,1length(theta))
U<-rep(1000,1length(theta))
for(i in 1l:length(theta)){

Wi[i]<-el.cen.EM2(x=womenhealthsub$end_age, d=womenhealthsub$MORTSTA
T, fun=mygfun,mu=0,age=AGE ,muage=theta[i])$ -2LLR"

W2[i]<-el.cen.EM2(x=womenillsub$end_age,d=womenillsub$MORTSTAT, fun=
mygfun,mu=0,age=AGE ,muage=theta[i])$ -2LLR"
ULi]<-(W1[i]+W2[i])/thetali]
ks
Ustat=min(U)
p_value[AGE-23]=pchisq(Ustat,1,lower.tail=F)
ks

¥
table_women<-data.frame(cbind(Age,MRLhealth,MRLill,p_value))

2. R Codes for median residual lifetime estimation and two-sample comparison,
generating Table 4

library(Cemplik)
Age<-seq(24,100)
MedRhealth<-rep(1,77)



MedRill<-rep(1,77)
p_value<-rep(1,77)
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mygfun2<-function(s,age,mdage){as.numeric(s<=Cage+mdage))-0.5*as.numeri

c(s<=age)-0.5}
for(AGE in 24:100){
temp<-WKM(Chealthsub$end_age,heal thsub$MORTSTAT)
tivec<-temp$times
pivec<-temp$jump
pivec[tivec<AGE]<-0
Sage<- sum(pivec)
Ptheta<-Sage/2
Cprob<-cumsum(pivec)
posi<-sum(Cprob<Ptheta)
thetal<-tivec[posi+1]
MedRhealth[AGE-23]=thetal-AGE

temp<-WKM(illsub$end_age,i11sub$MORTSTAT)

tivec<-temp$times

pivec<-temp$jump

pivec[tivec<AGE]<-0

Sage<- sum(pivec)

Ptheta<-Sage/2
Cprob<-cumsum(pivec)
posi<-sum(Cprob<Ptheta)
theta2<-tivec[posi+1]
MedRil1[AGE-23]=theta2-AGE

1f (AGE%%10==0 & AGE!=100){

samemr=Cthetal+theta2)/2-AGE

theta<-seq(samemr-5,samemr+5,0.25)
Wl<-rep(1000,length(theta))

W2<-rep(1000,1length(theta))

U<-rep(1000,1length(theta))

for(i in 1l:length(theta)){

Wi[i]<-el.cen.EM2(x=healthsub$end_age,d=heal thsub$MORTSTAT, fun=mygf

un2,mu=0,age=AGE ,mdage=thetal[i])$ -2LLR"

W2[i]<-el.cen.EM2(x=illsub$end_age,d=i11sub$MORTSTAT, fun=mygfun2,mu

=0, age=AGE ,mdage=theta[i])$ -2LLR"
ULi]<-W1[iJ+W2[i])/thetali]



ks
Ustat=min(U)
p_value[AGE-23]=pchisq(Ustat,1,lower.tail=F)
ks

table_median<-data.frame(cbind(Age,MedRhealth,MedRill,p_value))
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