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ABSTRACT

Life tables with specific causes of death, particularly when adjusted for demographic and
other personal characteristics, can be important components of cost-effectiveness and other
economic studies. However, there are few sources of nationally representative information that
can be used to develop life tables that incorporate cause-specific mortality. To produce such
estimates, we relate annual mortality rates to a set of individual characteristics, applying a
statistical model with a flexible functional form to data obtained from a random sample of
Medicare eligibility and hospital insurance files, covering the years 1986-1990. Insofar as
national data sources can be found to compare to the estimates of these models, the results are
comparable. For example, the survival figures are comparable to the life table figures supplied
as part of the series of vital statistics of the United States. The framework can be extended to
analyze expenditures for both inpatient and outpatient care and to estimate lifetime profiles of
Medicare expenditures for individuals falling into various demographic and clinical categories.
The framework can also be extended to analyze the mortality and utilization associated with use

of specific procedures.
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Cause-Specific Mortality Among Medicare Enrollees

1. Introduction

Attempts to forecast health expenditures, to determine costs of specific illnesses, and to
assess the long-term impact of programs designed to prevent or relieve specific diseases all
require accurate estimates of mortality rates. Many such efforts build upon information about
the cause and timing of death for people who have certain diseases. However, the empirical
basis for making accurate projections of cause-specific mortality, particularly for well-defined
demographic and clinical subgroups, is often weak.

The standard life table framework offers a simple and powerful method for drawing
inferences about the distribution of survival. Yet seldom have the data proved capable of
supporting detailed studies of mortality by cause for well-defined populations. Standard U.S.
life tables, based on birth records and death certificate data, with cause of death data, are
published every several years by the National Center for Health Statistics (National Center for
Health Statistics, 1991). Life tables compiled by age, race, and sex are published annually
(National Center for Health Statistics, 1994). Although these sources offer useful information
about mortality trends by demographic group, they provide little information about the survival
distribution pertinent to people with specific health conditions and risk profiles. Thus it is
difficult to obtain, for example, a life table applicable to 70 year-old men who are discharged
from a hospital with a diagnosis of myocardial infarction. Small clinical studies and registries

often provide information of this kind, but usually are limited either by the selection criteria used



to define the study population or by small sample sizes. They are not sufficiently comprehensive
to cover a wide range of conditions, nor to analyze a nationally representative sample.

In this paper, we describe the first steps toward developing such life tables. We lay out
an approach to estimating survival patterns among the elderly that is based on longitudinal
analysis of data from Medicare eligibility and claims files. These files offer a nationally
representative sample of the elderly. Information about the cause of death, derived from
hospital discharge files, allows us to link additional information about the terminal
hospitalization and gives us the opportunity to obtain confirmatory data that are not routinely
available from death certificate information. For our statistical modeling, we develop a flexible
functional form to relate annual mortality rates to a set of individual characteristics.

The longitudinal analysis described below, which focuses on cause of death, can be a
building block for studies that address a number of additional issues. For example, it can be
extended to estimate future Medicare expenditures for the care of individuals who carry specific
diagnoses (i.e., the longitudinal costs of incident cases of specific diseases). It can provide
information about the expected pattern of expenditures for persons with a given set of
characteristics, including not only age and gender, but also race, comorbidities, and prior
hospital utilization. Similarly, such analyses can be used to identify populations who should be
targeted for either preventive interventions or the identification and treatment of diseases.
Finally, it can inform efforts to determine whether otherwise identical patients who receive

different treatments have different outcomes.



2. Data Source

We obtained from the Health Care Financing Administration (HCFA) a 5% random
sample of all Medicare enrollees, recorded in the Health Insurance Skeleton Eligibility Write-off
(HISKEW), for the years 1986-1990 inclusive. This 5% sample consists of 1,518,108 people.
The HISKEW file includes a unique identifier for each enrollee, in addition to basic
demographic information such as age, sex, and race, and the date of death for each enrollee who
died during the period of study. We also obtained the MEDPAR files, which contain information
on every hospital admission during the study period, for every patient included in the 5%
sample. MEDPAR includes dates of admission and discharge, discharge diagnoses, and
discharge status, including whether or not the patient died in a hospital.

Using the unique identifier from the HISKEW file, we linked each patient's demographic
information to his or her complete hospitalization record over the five year period. This allowed
us to confirm the mortality information in the demographic file, and to ascertain whether people
who died during the study period died in a hospital. Furthermore, for those who died in hospital,
we were able to observe their primary discharge diagnosis, which we assigned as the main cause
of death.

Diagnoses are coded using the standard ICD-9-CM coding scheme. We perform two
separate analyses of causes of death using broad and more specific diagnostic information. The
analysis using the broad diagnostic classification, which employs the standard list of ICD-9

major diagnostic categories, permits a comprehensive picture of the main causes of death. There



are 17 mutually exclusive ICD-9 code major categories ranging from code I, "Infectious
Diseases", to code XVII, "Injuries and Poisonings." Codes that have a very small or zero sample
size, reflecting the age composition of Medicare enrollees, are excluded from the analysis. In
particular we exclude patients with the following causes of death: code XI, "Complications of
Pregnancy, Childbirth, and the Puerperium,” code XIV, "Congenital Abnormalities", and code
XV, "Conditions Originating in the Perinatal Period." With these categories excluded, there
remain 14 mutually exclusive broad causes of death. There are also two supplementary codes
for special purpose categories, as described below.

The analysis using finer level diagnostic information allows us to determine the relative
contributions of certain diseases, which are of broad policy interest, to total mortality rates.
These categories include "heart attacks" (codes 410.XX and 411.XX, where XX denotes all
subcodes), "strokes" (codes 430.XX through 438.XX), "congestive heart disease" (code 428.0),
"lung cancer" (codes 162.XX), "breast cancer" (codes 174.XX), and "prostate cancer" (codes
233.4,222.2,236.5, 239.5, and 185.XX).

Most of the diagnostic labels in the broad scheme are self-explanatory. "E- and V-
codes," however, are special purpose categories that supplement the standard diagnostic
classifications. Essentially, V-codes apply to patients who are seeking care for a past diagnosis,
such as a patient receiving chemotherapy for an already diagnosed cancer. E-codes allow the
classification of environmental conditions, which are the main cause of accidents or poisonings.
The vast majority of patients classified in this category are admitted for V-codes, rather than E-

codes.



We used information on all Medicare enrollees in the HISKEW file between the ages of
65 and 100, inclusive. We excluded enrollees younger than 65 years of age; they constitute a
distinct population who are eligible because of a disability or because they require renal dialysis.
For the analysis of cause of death, we used the sample of patients who died between 1986 and
1990 inclusive, whether or not they died in a hospital. For those patients who experienced a
hospital stay and who died outside the hospital within one week of their discharge, we attributed
the cause of death to the primary discharge diagnosis. For all other patients who died outside the
hospital, we designated the cause of death as unknown. Ofthe 1,518,108 people in the 1986

HISKEW file, 397,383 people died during the sample period.

3. Empirical Approach

To develop a statistical framework describing the incidence and causes of death, we
separate the modeling tasks into two steps: the first introduces a distribution characterizing age-
specific mortality in the elderly population; the second models health circumstances near the

time of death.

3.1 Formulating a Model for Mortality Rates

A duration analysis provides a natural framework for characterizing age specific survival
probabilities. We describe here how such an analysis summarizes subsequent survival for an
individual drawn from a population at age 65 of a given demographic makeup. A duration

distribution describing the likelihood that an individual lives ryears beyond 65 takes the form



1 F(tlX) = S(t-1|X) H(t,X) ,

2 S(t-11X) = ]'[1 [1-H(t,X)] >

where the covariates X include factors other than duration that influence the lengths of survival
times. The hazard rate H(#,X) determines the fraction of the population who, having lived until
age 65+1-1, will die at age 65+¢; the function f{'7}.X) specifies the likelihood that an individual
v\’/ith attributes X will die exactly at age 7, and the quantity S(7-1|X), the survivor function,
depicts the probability that an individual will live until at least age 65+ 7-1, given survival to age
65. The covariates X in the subsequent analysis include race and sex, the observed demographic
characteristics. We break the sample into cells based on these observed characteristics and
estimate separate survivor functions for each cell.

We estimate the hazard rate at age t, H(t,X), by calculating the fraction of people in a
given cell, alive at age t, who do not survive to t+1. We subsequently calculate the survival

distribution using equation (2).

3.2 Modeling Causes of Death

A second aspect of our empirical analysis characterizes the health conditions present at
the time of death. For those who die, we designate one of 15 diagnoses as the cause of death,
with a 16th category termed "other" for no diagnosis assigned at time of death (sometimes this is

termed "natural causes"). Define



3) Pr (alive - i) = Pr (alive-i|Tt,X), 1i=1,...,16
3

as the probability that an individual who dies at T and is a member of demographic group X has
diagnosis i assigned as the cause of death. Formally, the quantity Pr (alive - i) represents the
probability that an individual dies from disease i conditional on dying at age T and on the
covariates .X.

To offer a flexible specification, we parameterize these quantities using a multinomial

logit specification, of the form:

4) Pr(alive - i) = , i=1,....,16 ,

where the function g(7, X, @) determines how the likelihood of various sources of death changes
with age, and «,, i=1,...,16, are a set of parameter to be estimated which determine the shape of
g. We normalize the model by setting g,,(7 X, ¢ to 0.

In equation (4), the function g;(7, X, @) not only captures how the diagnoses and rate of
death vary with age, but the presence of X in g, also allows for these relationships to differ across
demographic groups. Spline models are an attractive approach for modelling duration effects,
since they fit the data with a flexible and smooth function of duration. Implicit in conventional
spline models, which fit polynomial functions to a series of intervals over duration, is a tradeoff
between smoothness and goodness of fit. Fit can be improved by increasing the number of

polynomial functions, but nondifferentiability at the boundaries requires a sacrifice in



smoothness. Limiting the number of intervals or the order of the polynomial functions yields a
smoother curve but diminishes the capabilities of detecting complicated forms of duration
dependence.

To develop a flexible empirical specification for g, (#, X, ;) , we apply a parameterization

introduced in Garber and MaCurdy (1993):

(5) g, (t, X, o) = 2]: [0, (6) =0, ()] [ P () o) ]
j=1
The quantity @,(t) denotes the cumulative distribution function of a normal random variable

possessing mean p; and variance a;,

while py(t,e;) is a polynomial in t, parameterized by a;.
We estimate (4) separately for every race-sex cell, and thus allow g; to vary flexibly with
demographic covariates.

The presence of the cdf's in (5) permits us to incorporate spline features in g, so that the
polynomial p,(t, &,) represents g, over only a specified range of #. For example, suppose we wish
to set g, = py(t, @) for values of t between 0 and " and to set g, = py(t,a,,) for values of ¢
between ¢* and some upper bound Z To create a specification of g that satisfies the property,
assign J = 2 in (5), fix the three means determining the cdf's as p,;= 0, u,; = t', u, = £ and pick
very small values for the three standard deviations g, g, and g,,. These choices for the u's and
the o's imply that the quantity @,(1)-@,(t)=1 over the range (0, t’) and =0 elsewhere, and the
quantity @,(1)-D,(t)=1 over the range (¢, § and 0 elsewhere. Since the differences in the

cumulative density functions serve as weights for the polynomials, g, possesses the desired

property. Further, gt, Z, ) is n™ order differentiable in ¢ for any value of n without imposing



any continuity restrictions at the knot t*, as one would have to specify if one were to use
standard splines. With the values of the u, and the g; set in advance of estimation, g,(t, Z, &) is
strictly linear in the parameters « and in known functions of  and X,. One can control where
each spline or polynomial begins and ends by adjusting the values of the u's. One can also
control how quickly each spline cuts in and out by adjusting the values of the J's, with higher

values providing for a more gradual and smoother transition from one polynomial to the next.

4. Empirical Results

4.1 Estimation Results for Survival Rates

As noted above, we estimate distinct survival models for each age/race cell in the sample.
In particular, we estimate survivor functions for the entire population of Medicare eligible
elderly and for four demographic groups: white males, black males, white females, and black
females. Our formulation for X allows for distinct hazard rates within each cell.

Table 1 presents survival estimates (percentage still alive at given ages) for individuals
who have survived until age 65. These figures reflect well-known racial and gender differences
in age-specific mortality rates; for example, blacks have higher mortality rates than whites,
except at far-advanced ages, and mortality rates for men exceed those for women. The
qualitative similarity with findings from other sources of demographic information help to
validate the use of the long term survivor functions which are estimated by taking advantage of

the longitudinal aspect of this adminstrative data set that spans only five years.
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In fact, the estimates which we obtain are quantitatively similar to those found in
standard life tables for all ages and demographic groups. For example, for white males, the
standard 1987 life table, compiled by the National Center for Health Statistics (1988), reports
that the probability of mortality within five years given for a person who reaches age 70 is
20.4%. Using the HCFA adminstrative data base, we estimate the corresponding probability to
be 20.0%. Similarly, the 1987 life table predicts that an unspecified individual of 65 years will
have a 5 year mortality of 10.6% while our estimate is 10.3%. For the demographic categories
generally, our results closely match the life tables derived from the U.S. Vital Statistics system.

Such agreement is not surprising given that the date of death reported in the HCFA
statistical files is likely to correlate well with death certificate data, from which life tables are
constructed. While others have noted this correlation (Kestenbaum, 1992), this is the first report

of life tables calculated from these data,

4.2 Implications of the Findings for Survival

Accurate life tables are integral tools for health care policy makers interested in
predicting the consequences of changing survival patterns. Construction of these tables,
however, can be cumbersome. Death certificate information must be compiled, coded, and
analyzed. The preceding results suggest that mortality rates, and the components of the life
tables, can be estimated from the HCFA statistical data base without requiring the use of death
certificate data.

One limitation of life tables is that they are usually constructed only for a limited range of

demographic subgroups, such as age categories by race and sex. This level of detail may be
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sufficient for many situations, but particularly when interest centers on the prognosis associated
with certain diseases and treatments, more narrowly defined subgroups are needed. For
example, one may be interested in the prognosis associated with the presence of a diagnosis of
coronary heart disease. Application of approach, makes it straightforward to calculate the
survivor function associated with such patients at specific ages.

In other words, the estimation of survivor functions for clinically important groups of
people can serve as an effective tool in developing better information about prognosis. Even a
well-conducted prospective observational study or a randomized clinical trial, the usual sources
of disease-specific prognostic information, may not provide comparable information.
Randomized trials, for example, often lack generalizability: it is difficult to extrapolate from the
results of the trial to infer results in classes of patients who were not included. By using a

nationally representative sample, with no subgroup exclusions, our method avoids this pitfall.

4.3 Diagnosis Probabilities: Estimation Results and Implications

To estimate the probabilities Pr(alive - i) defined by (4), we apply standard maximum
likelihood procedures in a multinomial logit framework to compute values for the parameters «
appearing in equation (4). We use the sample of 397,383 patients who died during the study
period.

In this analysis we use a specification of g(7,Z,, @) that sets J=4 in (5), with y,= 0, g, =4,
u,=70 0 =4 u,=80 0,=4, u; =90, 0; =4, u, = 150, and o, = 4. Thus, the polynomial
Pyt @,) determines g, from age 65 to age 70. After age 70, g, switches to the polynomial

Pt @), which determines its value until approximately age 80, and so on. For every interval,
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we specify py to be quadratic in age. Given this specification, we estimate & by maximum
likelihood.

We first perform the analysis using the 15 broad diagnostic categories mentioned in
Section 2, with the 16th category consisting of patients who were not assigned a cause of death.
Table 2.1 presents the smoothed probability of dying from condition #, given that death occurred
in the age interval, for the entire population at various ages. For presentation purposes, we
integrate the smoothed probabilities over age ranges in the table. Table 2.2 and 2.3 present these
same probabilities for white males, black males, while females, and black females. As Table 2.1
shows, the most common causes of death are circulatory diseases (including myocardial
infarction, congestive heart failure, stroke, and many other conditions), lung disease, and cancer.
About three-fourths of all deaths in this population occur during or soon after hospitalization.
Note that black men are somewhat less likely to die of circulatory diseases than white men, and
below the age of 85 are less likely to die in the hospital (Table 2.3). Black women, on the other
hand, are somewhat more likely to die in the hospital than white women, above the age of 79
(Table 2.2).

By estimating the same model on the same set of patients with the finer diagnosic
classification scheme, as described in Section 2, we obtain the results shown in Table 3.1. In this
scheme, the cause of death is classified by the principal diagnosis (hence these figures exclude
individuals who had one of these conditions if the condition was only considered a contributory
cause of death or an incidental diagnosis); the "other" category includes patients who were not
assigned a diagnosis and patients who do not fall into any of the other diagnostic categories.

Table 3.1 presents the smoothed probability of dying from the conditions included in the scheme:
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acute myocardial infarction (heart attack), stroke, congestive heart failure, lung cancer, breast
cancer, and prostate cancer. The first three diagnoses usually reflect diseases of the blood
vessels; congestive heart failure is often a consequence of myocardial infarction, which is
usually due to obstruction of the coronary arteries, and stroke is usually a consequence of
obstruction in the arteries supplying blood to the brain or of blood clots that form in other
arteries. These six diagnoses account for about 20% of all deaths among the elderly, according to
these results. None shows a clear age trend except lung cancer, which accounts for a declining
fraction of all deaths at greater ages.

Information on what diseases are most likely to be the cause of death is clearly an
important intermediate product in locating sources of cost growth in medical care. Since the
overlap polynomial method allows flexible identification of those diseases which have the
largest impact on mortality, one can cull detailed data--stratified by age, sex, and other clinical
information--on the most important causes of death. Combining this information with cost data
allow one to think about such questions as: is a disproportionately large share of medical
resources devoted to the oldest-old, who may benefit little from the types of care they receive?

Is there a cut-off age below which health care interventions are cost-effective? And, what is the
most appropriate method of setting priorities for the allocation of resources to research on the

prevention and treatment of various diseases?
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5. Conclusions

The Medicare claims files offer an important set of building blocks for studies that focus
on mortality, health care utilization, expenditures, and health outcomes among the elderly. The
preliminary work presented here demonstrates how the eligibility and hospital insurance claims
files can be used to estimate survival curves by demographic group and by other characteristics,
such as a diagnosis of one or more chronic diseases. The claims files further offer a basis for
analyses of cause-specific death rates; although claims files are not considered as accurate as
detailed audits of cause of death that are often performed as part of clinical research studies, they
may well be more accurate than the death certificate data that usually serve as the major source
of cause of death information in population-based studies. Furthermore, the longitudinal features
of the claims files make it possible to explore supporting information for cause-of-death codes,
by searching prior hospitalizations for discharge diagnoses of the cause of death and of related
conditions (for example, revealing a prior hospitalization for congestive heart failure or
myocardial infarction in a person with a death diagnosis of cardiac arrhythmia, which is often
associated with one of the other diagnoses).

Insofar as national data sources can be found to compare to the estimates of our models,
the results are comparable. For example, our survival figures are comparable to the life table
figures supplied as part of the series of vital statistics of the United States. Our data on cause of
death are largely consistent with results of studies that look at both causes of death and morbidity

in the elderly (see, for example, Johnson, Mullooly, 1990), although the national vital statistics
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system may be more successful in assigning a specific cause to each death, when compared with
our procedures (Sutherland, Persky, and Brody 1990).

The data used here will soon be expanded in three ways: new data files will provide us
with a larger percentage of enrollees; we will soon have more years of the files; and we will
merge Part B (outpatient) data. The expanded data capabilities will enable us to estimate the
survival models for a larger number of years per observation, and to pursue more finely detailed
diagnostic categories (for analysis of both antecedent conditions and of cause of death).

With these data, we plan to attach Medicare expenditure and cost data for both inpatient
and outpatient care, adapting our methods to estimate lifetime profiles of Medicare expenditures
for individuals falling into various demographic and clinical categories. The framework can also
be extended to analyze the mortality and utilization associated with use of specific procedures.
We can compare, for example, the profile of expenditures and mortality for individuals with
admissions for coronary heart disease who either do or do not undergo surgical treatment; the
claims files offer a great deal of information about clinical characteristics of the patients, which
when combined with geographic information has been used for instrumental variables analysis of
the effects of alternative treatment strategies on health outcomes and costs.

Finally, this work can be extended to model the effects of preventive interventions on
subsequent utilization and expenditures. For example, interventions that prevent or delay the
development of prostate cancer will change the pattern of expenditures in ways that the

longitudinal approach developed here can help predict.
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Table 1
Survival Rates for Elderly

Percentage of 65 Year-Olds Living Until At Least Age:

Demographic
Group 70 75 80 85 90 95
Entire Population 89.75 76.08 59.28 40.77 23.00 9.86
White Men 86.05 68.90 49.15 30.47 15.40 6.54
White Women 91.93 80.89 66.17 48.26 28.87 13.80
Black Men 80.59 60.42 41.06 24.16 13.14 6.71
Black Women 88.39 74.22 57.36 41.58 26.14 14.09




Table 2.1

Diagnosis Associated with Deaths
Entire Population

Demographic Diagnosis Percentage of Deceased Who Died with Diagnosis in Age Group: "
Group 6569 | 70-74 | 7579 | 80-84 85-89 90-94 95+
Infectious Diseases 2.02 2.31 2.53 2.83 2.97 290 249
Neoplasms (Cancer) 1590 1452 11.51 8.46 5.84 3.97 2.36
Immune & Metabolic Disease | 3,27 3.60 3.53 4.00 4.26 4.11 4.08
Blood Diseases ° 0.74 0.73 0.70 0.64 0.73 0.59 0.61
Mental Disorders 0.71 0.71 0.78 0.84 0.73 0.54 0.45
Nervous System Disease © 0.98 0.92 0.95 0.79 0.66 0.46 0.41
All Circulatory Diseases 2098 23.13 2405 24.15 22.73  19.53  15.28
Blderly | Respiratory Diseases 998 1105 11.80 1220 1270 1278 12.67
Digestive Diseases 543 5.67 5.72 5.94 6.18 5.90 5.73
Genitourinary Diseases 2.06 2.71 3.33 3.81 4.14 4.03 3.51
Skin Diseases 0.58 0.70 0.88 1.04 1.25 1.32 1.35
Musculoskeletal Disease ¢ 0.86 0.87 0.76 0.75 0.66 0.53 0.55
[1l-Defined Conditions © 2.41 2.51 2.54 2.50 2.49 2.37 0.23
Injury and Poisoning ' 2.45 2.86 3.48 4.25 5.35 5.86 5.96
E & V Codes 1.55 1.14 0.78 0.53 0.30 0.25 0.15
Other 30.09 26.57 26.64 27.26 29.00 3486 42.12
Footnotes:
@ Category includes endocrine, nutritional, immune system & metabolic disease.
b Category includes diseases of blood and blood forming organs.
¢ Category includes diseases of the nervous system and sense organs,
d  Category includes diseases of the skin and subcutaneous tissue.
: Category includes diseases of the musculoskeletal system & connective tissue.

Category includes symptoms, signs, and ill-defined conditions.



Diagnosis Associated with Deaths
Women by Race

Table 2.2

Demographic Diagnosis Percentage of Deceased Who Died With Diagnosis in Age Group: "
Group 65-69 70-74 75-79 80-84 85-89 90-94 95+ JI
Infectious Diseases 230 2.53 2.58 2.74 2.86 2.68 2.10
Neoplasms (Cancer) 17.90 15.37 11.21 7.43 4.90 346 2.05
Immune & Metabolic 394 3.76 3.73 3.83 4.03 3.89 3.60
Blood Diseases 0.87 0.83 0.74 0.59 0.67 0.54 0.53
Mental Disorders 0.83 0.70 0.75 0.79 0.65 0.48 0.35
C’V"ggzn Nervous System Diseases 1.17 1.10 0.95 0.78 0.63 039 0.42
Circulatory Diseases 2141 23.46 25.05 25.03 23.38 19.64 15.10
Respiratory Diseases 10.37 10.40 10.38 10.67 11.17 11.46 11.25
Digestive Diseases 5.86 6.15 6.22 6.52 6.52 6.15 5.98
Genitourinary Diseases 1.96 240 2.87 3.38 3.54 3.62 2.82
Skin Diseases 0.64 0.75 0.97 1.06 1.23 1.25 1.27
Musculoskeletal Diseases 1.13 1.14 0.88 0.88 0.70 0.55 0.45
[11-Defined Conditions 2.56 240 2.62 239 2.30 2.29 1.94
Injury and Poisoning 2.88 333 4.13 4.95 6.07 6.40 6.29
E & V Codes 1.71 1.27 0.84 0.56 032 0.27 0.14
Other 2448 2441 26.07 28.40 31.05 36.92 45.72
Infectious Diseases 3.20 341 4.17 447 5.64 6.43 6.32
Neoplasms (Cancer) 14.97 13.29 10.26 7.63 5.71 4.04 3.42
Immune & Metabolic 5.65 6.08 6.02 7.13 6.95 8.38 11.89
Blood Diseases 0.76 0.71 0.74 0.86 0.94 0.73 0.43
Mental Disorders 0.58 0.75 0.82 0.68 0.46 0.39 0.44
Black Nervous System Diseases 0.90 0.99 0.97 0.71 1.09 1.24 0.57
Woman Circulatory Diseases 23.07 23.31 23.15 23.58 23.09 20.26 18.44
Respiratory Diseases 6.30 740 7.61 7.61 10.23 10.94 11.99
Digestive Diseases 4.75 4.95 5.31 5.79 6.41 5.96 4.87
Genitourinary Diseases 292 3.86 441 5.69 6.87 6.42 437
Skin Diseases 0.92 1.65 1.81 223 2.80 4.09 2.63
Musculoskeletal Diseases 0.80 0.68 0.58 0.36 0.51 0.15 0.67
11]-Defined Conditions 2.70 2.45 242 3.26 322 2.65 3.95
Injury and Poisoning 242 2.09 239 244 3.12 2.78 3.69
E & V Codes 1.57 1.12 0.81 0.33 0.15 0.21 4.68
Other 28.48 27.25 28.53 2722 22.82 25.34 21.63




Table 2.3

Diagnosis Associated with Deaths

Men by Race
FDemographic Diagnosis Percentage of Deceased Who Died With _Diagnosis in Age Group:

Group 65-69 7074 | 7579 | 80-84 | 85-89 | 90-94 | 95+
Infectious Diseases 1.70 201 223 2.64 2.70 2.77 242

Neoplasms (Cancer) 14.98 14.19 11.96 9.74 7.33 5.05 3.11

Immune & Metabolic Diseases 244 3.09 294 3.61 3.93 3.65 3.53

Blood Diseases 0.64 0.67 0.69 0.68 0.86 0.75 0.84

Mental Disorders 0.65 0.70 0.81 0.93 0.95 0.69 0.78

“I,v[hét: Nervous System Diseases 0.87 0.80 0.93 0.85 0.69 0.52 041
Circulatory Diseases 21.12 23.71 24.16 24.08 22.11 19.44 15.89

Respiratory Diseases 10.11 11.86 13.60 14.58 15.77 16.37 16.81

Digestive Diseases 5.32 5.46 5.49 543 5.60 529 522
Genitourinary Diseases 1.94 2.74 3.61 421 4.80 440 535

Skin Diseases 0.49 0.53 0.65 0.76 0.96 0.98 1.21
Musculoskeletal Diseases 0.73 0.68 0.66 0.63 0.63 0.52 0.79

[11-Defined Conditions 227 2.56 248 2.55 2.68 247 2.81

Injury and Poisoning 224 2.64 3.08 3.78 4.59 534 5.88

E & V Codes 1.50 1.14 0.77 0.56 0.33 0.25 0.20

Other 32.99 27.22 25.96 2498 26.08 31.50 34.78

Infectious Diseases 2.60 2.94 3.79 4.64 438 3.96 5.60

Neoplasms (Cancer) 13.90 13.46 11.97 10.68 9.23 6.37 3.92

Immune & Metabolic Diseases 4.23 4.89 5.13 6.97 741 717 7.02

Blood Diseases 0.88 0.75 0.67 0.84 0.56 0.40 0.45

Mental Disorders 0.74 0.93 0.64 0.87 0.80 1.29 0.01

Black Nervous System Diseases 0.81 0.88 1.37 1.11 0.72 0.55 1.01
Men Circulatory Diseases 17.44 19.22 18.91 18.88 19.25 16.47 13.88
Respiratory Diseases 9.42 10.64 10.89 12.87 13.17 13.48 17.17

Digestive Diseases 3.94 491 3.99 4.72 592 6.38 5.01
Genitourinary Diseases 2.80 3.94 4.73 5.06 6.55 7.80 6.60

Skin Diseases 0.52 0.95 1.11 1.85 2.11 2.00 3.85
Musculoskeletal Diseases 0.34 0.51 0.38 0.50 0.35 0.35 0.62

Ill-Defined Conditions 2.55 2.79 2.65 2.63 3.22 2.7 3.35

Injury and Poisoning 2.11 246 2.62 2.50 2.93 2.85 3.78

E & V Codes 1.15 0.72 0.65 0.60 0.20 13.81 3.15

Other 36.57 29.99 30.49 25.28 23.19 14.42 24.60




Table 3.1

Selected Diagnosis Associated with Deaths

Entire Population

Demographic Diagnosis Percentage of Deceased Who Died with Diagnosis in Age Group:

Group 65-69 70-74 75-79 80-84 85-89 90-94 95+
Heart Attack 5.75 6.36 6.25 4.65 3.98 2.62 1.37

Strokes 4.30 5.48 6.08 6.88 6.69 5.63 4.87

All Congestive Heart Failure 4.51 5.50 6.35 7.26 6.82 591 5.53
Elderly | | ng Cancer 344 316 207 100 058 028 0.7
Breast Cancer 0.23 0.20 0.24 0.11 0.14 0.19 0.10

Prostate Cancer 0.43 0.57 0.58 0.51 0.40 0.42 0.04

Other 81.34  78.73 7842  79.59 81.39 8495 87.92




Table 3.2

Selected Diagnosis Associated with Deaths

Women by Race

Demographic Diagnosis Percentage of Deceased Who Died With Diagnosis in Age Group:
Grovp 65-69 70-74 75-79 80-84 85-89 90-94 95+ [
Heart Attack 5.717 6.22 6.21 5.46 422 2.88 1.64
Strokes 4.53 5.67 6.75 7.31 7.36 6.17 4,92
‘m‘gzn Congestive Heart Failure 4.51 531 6.28 6.98 7.02 6.84 5.74
Lung Cancer 3.08 2.59 1.48 0.65 0.30 0.12 0.07
Breast Cancer 0.69 0.50 0.37 0.26 0.18 0.18 0.10
Other 81.42 79.71 78.90 79.35 80.91 83.82 87.53
Heart Attack 3.99 3.85 3.32 2.90 2.86 1.73 1.86
Strokes 6.58 6.94 7.71 841 7.96 7.34 6.26
Black Congestive Heart Failure 5.06 5.69 5.32 6.14 6.11 6.09 433
Woman Lung Cancer 1.94 1.71 0.93 0.50 0.38 0.35 0.14
Breast Cancer 0.59 048 0.57 0.17 0.16 0.12 033
Other 81.83 81.32 82.15 81.89 82.53 84.36 87.08
Table 3.3
Selected Diagnosis Associated with Deaths
Men by Race
Demographic Diagnosis Percentage of Deceased Who Died With Diagnosis in Age Group:
Group 65-69 7074 | 7579 | 80-84 | 8589 | 9094 | 95+
Heart Attack 5.82 6.08 6.06 5.41 457 323 1.91
Strokes 3.60 442 5.21 5.90 6.00 553 423
Wh;';;e Congestive Heart Failure 4.72 5.68 6.23 6.71 6.72 6.36 6.58
Lung Cancer 4.17 3.67 2.64 1.71 1.01 0.52 0.34
Prostate Cancer 0.70 0.88 1.05 1.07 1.09 0.79 042
Other 80.99 79.27 78.81 79.19 80.60 83.56 86.53
Heart Attack 2.61 249 2.83 2.20 327 1.93 0.34
Strokes 5.35 6.27 5.64 6.76 597 5.52 5.53
Black Congestive Heart Failure 4.10 4.63 4.69 477 471 4.67 5.18
Men Lung Cancer 3.62 3.02 2.99 1.86 1.05 0.67 0.02
Prostate Cancer 1.26 1.68 1.67 1.62 1.90 221 1.10
Other 83.05 81.91 82.18 82.78 83.11 85.00 87.83




