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Abstract

BACKGROUND

There are large mortality gaps among U.S. states measured by life ex-
pectancy, lifespan variance, and crude death rate. Yet these measures tell
different stories, since they are affected differently by mortality change
across space and time.

OBJECTIVE
Identify the contributions of age-specific mortality rate differences to gaps
in the three aggregate measures.

METHODS

We make novel use of decompositions to analyze how age-specific mor-
tality differences determine each of the three mortality measures. For life
expectancy and lifespan variance, we separate the size of age-specific mor-
tality differences from the sensitivity to those differences. For crude death
rate, we separate exactly the age-specific contributions of population age
structure, and mortality rates.

CONCLUSIONS

Differences in under-5 mortality do not significantly affect differences in
any measure. Mortality differences at middle and old ages play a signifi-
cant role in differences in life expectancy. In contrast, differences in lifes-
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pan variance are more affected by mortality differences at the middle ages
than at old ages. The significance of mortality differences differs in the
two sexes. Crude death rates are largely driven by the elderly, with cross-
state differences primarily explained by the share of the older population,
while the role of mortality differences has grown over time.

CONTRIBUTION

We use a sensitivity-based decomposition approach and the Kitagawa de-
composition to analyze gaps in three aggregate mortality indicators. Our
approach is essential because an age group’s contribution to a gap in a
given aggregate indicator can result from large mortality rate differences,
high sensitivity of the indicator, or shift in population composition.
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1. Introduction

Mortality differences across U.S. states have long been recognized (Sub-
ramanian, Kawachi, and Kennedy 2001; Fenelon 2013; Montez and Berk-
man 2014). To assess the import of these differences, three distinct met-
rics have been widely used: life expectancy, the variance of age-at-death,
and the crude death rate. Life expectancy, the average number of years
a person is expected to live, often serves as a key indicator of population
health, used to track improvements in health outcomes and guide policy
(Avendano and Kawachi 2014; Oeppen and Vaupel 2002). The variance
of age-at-death reveals the degree of inequality within a population, offer-
ing insights into the equity of survival outcomes, and has attracted growing
attention (Wilmoth and Horiuchi 1999a; Edwards and Tuljapurkar 2005;
Firebaugh et al. 2014; Van Raalte, Sasson, and Martikainen 2018). Finally,
the crude death rate provides a direct measure, the number of deaths per
1,000 people in a population over a given time period, and is often featured
in media reports and public discourse (Xiao, Mei, and Jiang 2022; Liang,
Guo, and Tuljapurkar 2023). Even though crude death rate is known to de-
pend greatly on population age distribution, this metric remains useful for
monitoring changes in mortality over time and across geographic units. Of
these three, no single metric captures the distinct, albeit complementary,
dimensions of population mortality (Aburto et al. 2020).

A particular state in the U.S. may have higher life expectancy than
the U.S., but also a higher variance of age-at-death and a higher crude
death rate. How should we evaluate these metrics in terms of the changes
within a state over time, or in comparison to other states? Any comparative
analysis must reckon with the fact that declines in age-specific mortality
may have quite different effects on these three metrics. Reductions in age-
specific mortality at any age always increase ey (Keyfitz, Caswell et al.
2005; Goldman and Lord 1986; Vaupel and Canudas-Romo 2003). But
the sensitivity of variance of age-at-death to mortality decline depends on
a “young-old threshold” age. Mortality declines at ages below the thresh-
old will reduce the variance but mortality decline at ages above the thresh-
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old will increase the variance! The reason is simply that saving lives at
young ages narrows the distribution of ages at death, while saving lives
at old ages pushes the frontier of longevity outward, broadening the dis-
tribution (Edwards and Tuljapurkar 2005; Vaupel, Zhang, and van Raalte
2011; Zhang and Vaupel 2009; Van Raalte and Caswell 2013; Gillespie,
Trotter, and Tuljapurkar 2014). Empirical studies confirm these patterns:
historically, mortality declines at younger ages consistently raised e, while
reducing the variance of age-at-death (Wilmoth and Horiuchi 1999a; Ed-
wards and Tuljapurkar 2005). More recent gains at older ages above the
threshold have been linked to widening lifespan inequality or slower com-
pression (Tuljapurkar, Li, and Boe 2000; Van Raalte, Sasson, and Mar-
tikainen 2018). The crude death rate is influenced not only by mortality
decline but also by changes in population age structure (Preston, Heuve-
line, and Guillot 2001). Even with reductions in age-specific mortality
rates, an aging population can lead to higher crude death rates.

Numerous methods have been developed to quantify age-specific con-
tributions to changes in life expectancy (Gupta 1978; Pollard 1982; Ar-
riaga 1984; Andreev, Shkolnikov, and Begun 2002; Shkolnikov, Andreev,
and Begun 2003) and some have been developed to explore changes in
lifespan variance (Andreev and Shkolnikov 2012; Gillespie, Trotter, and
Tuljapurkar 2014). When comparing national populations, a general find-
ing is that e( is most affected by mortality among children under five and
adults over 60, whereas variance of age-at-death is most affected by mor-
tality at middle ages, such as around age 40 (Hiam, Minton, and McKee
2021; Aburto et al. 2020). But do these conclusions also hold for state
within the U.S.?

To answer that question, we decompose spatial gaps in life expectancy
at birth and variance of age-at-death in terms of: (a) the differences in
age-specific mortality rate and (b) the sensitivity to mortality (change of
measures to proportional changes in age-specific mortality rate). In this
way, we can identify the ages at which mortality differences truly mat-
ter by evaluating mortality gaps and sensitivity together. An age group
will only matter if it has both a large sensitivity and a large differences in
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mortality rate. If either one of these is close to zero, that age group does
not contribute significantly. In contrast to many previous decompositions,
our approach makes clear why mortality decline in a given age group can
have a high contribution to one mortality metric but a much smaller (even
negative) contribution to another metric.

Secondly, in the same spirit, we examine differences in crude death
rate using the Kitagawa decomposition to separate exactly the contribu-
tions of differences in age-specific mortality rates and in population age
structure between populations. Unlike life expectancy at birth and vari-
ance of age-at-death, the crude death rate is sensitive to differences in the
age structure of populations, so we are careful in making comparisons
across space and time.

The need for new decompositions was noted recently by Su and col-
leagues (2024), who developed a different decomposition method for life
expectancy and life disparity and applied that to U.S. states. However, in
their approach the population composition is determined by the proportion
of each state’s population in a given age group relative to the national pop-
ulation. Consequently, their decomposition reflects the relative weight of
each state’s mortality in shaping national-level outcomes, and so is highly
sensitive to mortality in populous states. As a result, even if small states
achieve notable mortality improvements, their impact on national life ex-
pectancy growth may appear limited. Our approach does not have that
problem. To highlight state-level mortality dynamics, we use decomposi-
tions that avoid the influence of population size and are both mathemati-
cally and demographically meaningful.

2. Data source

We obtain age- and sex-specific mortality rates for 50 U.S. states (exclude
the District of Columbia) from 1969 to 2019 in each single year through
the United States Mortality DataBase (USMDB 2024). State-level pop-
ulation data for the same period were sourced from the National Cancer
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Institute (NCI 2024). To match population data and mortality data across
all ages, the penalized composite link model (PCLM) from R package
‘ungroup’ is used to extend and smooth the population counts to age 110+
(Rizzi, Gampe, and Eilers 2015).

3. Methods

3.1 Sensitivity of life expectancy at birth and variance of age-at-death
3.1.1 Life expectancy at birth

In a given population, the life expectancy at birth ¢ is
60:/ dxl(x), (1)
0

where [(x) is the probability of surviving from birth to age x.
In any year, for any state 7, the age specific mortality rate p‘(x) at age
x can always be thought of relative to the national mortality rate u*(z),

pi(x) = [1 46" (2)]u" (). )

This equation defines the proportional change ¢°(z) that must be applied
to the national p*(z) to produce i (z).

If the product (6°(z)-u*(x)) < 1, we can use a linear Taylor expansion
to get the life expectancy for state 7,

el = el — /000 dx1"(x) /f ds 6" (s) " (s), (3)

0

where €"(0) is the life expectancy for the nation. Thus the contribution of
mortality rate differences at any age x is the product

—1"(z) /093 ds 6" (s) " (s), 4)
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Is the linear Taylor expansion appropriate? We examine the distribution of
the product (6°(x) - p“(x)) < 1 for all states in the U.S., for all years, for
both sexes, and found that the product is almost always much less than 1
(see the details in Appendix Table A-1). Not surprisingly, we find (below)
that the decomposition equation (3) is remarkably accurate.

Using California females in 1969 and 2019 as examples, the observed
proportional difference in mortality rate between that state and the U.S.
is shown in Figure 1a. In 2019, female mortality rates in California were
consistently lower than in the U.S. Figure 1b displays age-specific contri-
butions to the life expectancy gap, computed using equation (3). Finally, in
Figure 1c we sum the age-specific contributions to obtain the total change
in eq relative to the baseline U.S. females. The estimated California fe-
male e values is very close to the observed values, demonstrating that our
method works for the observed data.

. . oqe
Figure 1: Illustration of the ¢y decomposition method
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Note: The figures show the decomposition steps for the e gaps, with California and U.S. females in
1969 and 2019 as examples. (a) The proportional differences between 1.4 (x) and p* (), denoted
8%A(z), are calculated according to equation (2). (b) The age-specific contributions to the eo gaps
between California and the U.S.. (c) A comparison of the observed e§* and the estimated e§”, where
the estimated egA equals ef plus the changes in e} due to proportional changes §CA(z) in p¥(x).
Source: Authors’ calculation based on USMDB (2024).
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3.1.2 Variance of age-at-death

We adopt a similar strategy to decompose the variance of age-at-death.
Focus on the variance of age-at-death for deaths after age a denoted as
V(a),

V(a) = %/ drzl(z) — [e(a)]* — 2ae(a) 5)
where [(a)is the conditional survival probability from age a to age x, and
e(a) is the life expectancy at age a.

For any state i, we can compute §°(x) as the age-specific proportional
change in the national mortality rate, as defined in equation (2). Then a
linear Taylor expansion of equation (5) yields the difference between the
state’s variance V() and the national variance V?(a) as

Vi(a):V“(a)+2/oodx [eu(x)m—x]izgi /wdséi(s)u“(s). 6)

Here the contribution of mortality rate differences at any age x is the prod-
uct

["(x)
[“(a)

We focus on lifespan variance for deaths past early childhood, with
a = 6. We do so to exclude the disproportionate (but uninformative) in-
fluence of early childhood mortality on variance of age-at-death (Edwards
and Tuljapurkar 2005). We could alternately have used V' (10) (Edwards
and Tuljapurkar 2005; Engelman, Canudas-Romo, and Agree 2010) or
V' (15) (Vaupel, Zhang, and van Raalte 2011; Gillespie, Trotter, and Tul-
japurkar 2014). If she prefers, the reader can use any other choice.

To illustrate, the age-specific contributions to the V' (6) gaps between
California and the U.S., as well as the estimated V' (6) values, are shown in
Figure 2b and Figure 2c respectively for illustration.

2[e"(x) +a — 7]

/w ds §'(s) " (s). (7)
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Figure 2: Illustration of the V' (6) decomposition method
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Note: The figures show the decomposition steps for the V' (6) gaps, with California and U.S. females
in 1969 and 2019 as examples. (a) The proportional differences between 1A (x) and p* (z),
denoted 694 (z), are calculated according to equation (2). (b) The age-specific contributions to the
V' (6) gap between California and the U.S. average. (c) A comparison of the observed V ¢A(6) and
the estimated V ©A(6), where the estimated V ©A(6) equals V*(6) plus the changes in V*(6) due to
proportional changes in p*(x).

Source: Authors’ calculation based on USMDB (2024).

3.1.3 Summary of the sensitivity approach

In our decompositions above, the U.S. national population is always the
reference. We identify age-specific contributions to the differences in these
measures in terms of the product of the sensitivity of the measure to the
age-specific mortality rate p(u(z)), and the proportional difference in age-
specific mortality rates J(u(z)) between the populations being compared.
For an age group to matter, we need a large sensitivity with a large mortal-

ity gap.

3.2 Crude death rate and Kitagawa decomposition

The crude death rate (CDR), also known as the per-capita death rate, is
defined as:



CDR = /00 dx p(x) - c(z), (8)
0

1o where p(x) is the mortality rate and ¢(z) the proportion of individuals at

199 age x. This expression shows how the CDR is determined by the interac-
200 tion of age-specific mortality rates and the population’s age structure.

201 We use the Kitagawa decomposition (Kitagawa 1955) to separate age-
202 specific mortality differences and compositional differences in explaining
20 the CDR gap between an individual state (indicated by superscript 7) and
204« the U.S. (indicated by superscript u) as a whole:

scor = [ sl - pr(a) “ LD

2
. ; " )
+/ du M[Ci(aj) )
0 2
e The first term on the right-hand side of the above equation isolates the

207 contribution of differences in age-specific mortality rates between the indi-
208 vidual state ¢ and the U.S. average u, by holding the age structure constant
200 at the average over both populations. The second term isolates the contri-
210 bution of differences in age structure between the state 7 and the U.S., by
211 holding mortality rates constant at their averaged across both populations.
212 This term highlights how differences in population structure, such as in the
213 proportion of elderly individuals, affects the CDR gap.

214 For instance, states with higher proportions of older populations, ¢‘(x) >
215 ¢"(x) at older ages, may exhibit higher CDRs, even if their age-specific
216 mortality rates p’(z) are similar to the U.S. average. Conversely, states
217 with much lower age-specific mortality rates, p'(z) < pu“(x), may offset
218 the impact of an older population structure, resulting in a lower CDR.



219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

4. Results

4.1 Trends in mortality dynamics across U.S. states

We start with the important aspects of the similarities and differences
across the country and also over time. While life expectancy has increased
in all states, though at different speeds, changes in the variance of age-at-
death and crude death rate have varied in both direction and magnitude,
with some states experiencing increases and others declines. These pat-
terns reveal that some states have maintained and expanded their advantage
in all three aspects over time, in contrast to some that are always disadvan-
taged. But most states have followed complex trajectories over time, with
improvements in one indicator but stagnation or deterioration in others.

All three maps in Figure 3 use green to indicate an advantage (higher
life expectancy, lower lifespan variance, and lower crude death rate) of a
individual state compared to the U.S. average, and use purple to indicate
the opposite. As a reference, in 2019, U.S. females had a e of 81.48 years,
a V(6)of 203.71, and a CDR of 8.68 per 1,000 people. For U.S. males, ¢,
was 76.46 years, V' (6) was 261.70, and the CDR was about 9.17 per 1,000
people. In general, states on the West Coast and in the Northeast exhibited
relatively higher life expectancy, lower variance of age-at-death, and lower
crude death rates compared to the U.S. average, while Southern states and
parts of the Central region showed the opposite pattern.
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Figure 3: The gaps between individual states and the U.S. in
2019

(a) Gaps in eg

Female Male
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2to 4
Oto2
-2to0
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differences(%)
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-10to 0
Oto 10
10to 20
20 to 40

(C) Gaps in CDR

Female
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(per 1,000)
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Note: For gaps in ep and CDR, we directly use the differences between individual states and the
U.S.. In contrast, the percentage differences in V' (6) are calculated as [V#(6) — V*(6)]/V*(6),
given that the absolute values of variance are much larger than those of life expectancy or the crude
death rate.

Source: Authors’ calculation based on USMDB (2024).

Figure 4 illustrates state-level mortality dynamics from 1969 to 2019.
Each point represents a specific state or the U.S. average (latter identified
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on the figure). The horizontal movement shows that e, improved in all
states from 1969 to 2019. The vertical axis represents changes in the CDR,
with points distributed both above and below the horizontal reference line,
reflecting that some states experienced an increase in CDR over the past 50
years, while others saw a decline. The size and color of each point reflect
changes in V'(6): green indicates a decrease in V' (6), signifying a narrower
distribution of age at death and reduced lifespan inequality, whereas purple
indicates an increase in V'(6), signifying increased lifespan inequality. The
magnitude of these changes is shown by the varying size of the points.
While V/(6) declined for females in most (but not all) states, it increased
for males in most (but not all) states.

Figure 4: Mortality dynamics of each state and the U.S., from
1969 to 2019
Female ) Male
\ Changes in V(6)
V:V = N @ 40to60
—_ ]
g 25 °aoo.’. @ 20t040
é °.“° .US o 10to20
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s T CA . o ;eﬂ
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4 6 8 10 12 4 6 8 10 12

Changes in eg

Note: The changes of mortality indicators here are calculated by values in 2019 minus values in
1969. Details of each state show in Figure A-3.
Source: Authors’ calculation based on USMDB (2024).

We illustrate the diversity of state-level mortality change by three ex-
amples. In 2019, California had higher eg, lower V' (6), and a lower CDR
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than the U.S. average. Over the 50-year period, California also experi-
enced improvements in all three measures, indicating steady progress in
mortality outcomes. West Virginia, by contrast, exhibited significantly
lower life expectancy at birth, higher variance of age-at-death, and higher
crude death rate relative to the national average. From 1969 to 2019, West
Virginia’s gains in ey were among the smallest across all states, and were
accompanied by rising CDR and a marked increase in V' (6). Texas pre-
sented a picture of overall improvement between 1969 and 2019, with in-
creasing e, declining V'(6) and declining CDR. In 2019, all three mea-
sures in Texas were lower than the national average. These mixed patterns
reinforce the need for multiple indicators to fully assess mortality condi-
tions.

4.2 Age-specific contribution to mortality gaps

We now apply our decompositions to examine how mortality differences
by age shape state-level performance as measured by the three metrics e,
V(6), and CDR in the years 1969 to 2019. The following generalizations
emerged from our analyses. (1) Under-five mortality contributes negligi-
bly to state-level differences in ey and crude death rates, as improvements
in child mortality have benefited all states relatively equally across the
country. (2) Mortality differences at middle and older ages are the primary
drivers of differences in ey, with midlife playing a more pronounced role
for males than for females. (3) /(6) is more strongly influenced by mor-
tality differences at midlife than at older ages. State-level differences in
variance are more pronounced for males than for females. (4) Crude death
rates are largely driven by the elderly population in nearly all U.S. states.
Among the elderly, cross-state differences in crude death rates are primar-
ily explained by differences in the degree of population aging, although
the influence of mortality differences has increased over time.
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4.2.1 Life expectancy at birth

We start with e, reporting the significance of mortality differences in
broad age groups rather than by exact ages. In most states we find minimal
contributions from the youngest age group (0-5 years) for both sexes (for
more details on this, see Figure A-5, so we focus on middle-ages (6-64
years) and old-age (65+ years), where mortality plays a central role in
shaping differences in ey. From 1969 to 2019, the contribution of old-age
mortality increased across most states for both sexes, while midlife mor-
tality has a stronger impact among males than females.

The maps in Figure 5 show contributions in 1969 and 2019 (mid-
dle age, top row; old age, bottom row) for these two age groups for fe-
males. Increasingly dark shades of red indicate increasing magnitudes of
age-group contributions to the statewise ey gaps. Small contributions are
those that account for less than 25% of the total ¢, gap, moderate contri-
butions range from 25% to 75%, and strong contributions exceed 75%.
In 1969, contributions from old-age mortality differences were already
slightly greater than those from middle-aged mortality among females in
most states. By 2019, this pattern had become more pronounced, with old-
age mortality differences playing an even larger role in many states. For
males, contributions from middle-aged and old-age mortality differences
were roughly similar in 1969. By 2019, this pattern remained largely con-
sistent, although contributions from old-age mortality had become slightly
more prominent. (Details are provided in Appendix Figure A-5.)
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Figure 5: Contributions (magnitude only) to gaps in female ¢
of mortality differences at middle and old age groups;
individual states vs. the U.S.,1969 and 2019

1969 2019
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Note: Different shades indicate the magnitude of contributions to eg gaps: slight (<25%), moderate
(25%—75%), and strong (>75%).
Source: Authors’ calculation based on USMDB (2024).

4.2.2 Variance of age-at-death

Given our finding that the youngest ages contribute the least to mortality
differences across states, we focus on the variance of age-at-death for indi-
viduals surviving beyond age 6. The sensitivity of V'(6) is negative below
and positive above a threshold age (7°(6)), as illustrated in Figure A-1b.
We find that the gaps in V' (6) were largely shaped by mortality before the
threshold age, whereas the impact of mortality after the threshold age was
comparatively smaller and more evenly distributed across states.

Using maps, Figure 6 shows for females the age-specific contribution
to percentage differences in inequality V'(6) (state vs. nation). Using the
year-specific threshold age for U.S. females, we show contributions from
deaths before ages below 7'(6) (top row) and later ages (bottom row). The
legend shows how the contributions are grouped, negative percentage dif-
ferences are marked in green, while positive differences are shown in pur-
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ple. Negative gaps, i.e., increased inequalities (as measured by V' (6)), are
mainly driven by deaths occurring before the young-old threshold age, as
evidenced by the patterns in the top row of Figure 6.

In 2019, the purple shading in southern states highlights the substantial
impact of deaths occurring before the threshold ages on lifespan variance.
In contrast, mortality differences after the threshold age (bottom row of
Figure 6) are smaller and more evenly distributed across states. For ex-
ample, in 2019, the V' (6) for females in West Virginia was 265.85, about
30.51% higher than the national average, indicating a more unequal distri-
bution of age at death in West Virginia than in the U.S. for females. This
difference in equality was the result of a 41.72% difference in early deaths
and a -11.21% difference in later deaths. In words, compared to the na-
tional average, females in West Virginia had a higher probability of death
at young ages below 7'(6), and lived shorter (higher average mortality)
than the U.S. at ages above 7'(6).
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Figure 6: The decomposition of percentage differences of 1/(6)
between individual states and the U.S. for females
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Note: The percentage differences in V' (6) between individual states and the U.S. are calculated as
[Vi(6) — V*(6)]/V*(6), and the percentage differences from inequality before and after threshold
age are also divided by V*(6).

Source: Authors’ calculation based on USMDB (2024).

4.2.3 Crude death rate

Given the sensitivity of the crude death rate to the age structure of the
population, and within the context of population aging, we focused on the
crude death rate at ages 65 and above (CDRg;5-) and explored its contribut-
ing factors. Our findings highlight a fundamental demographic pattern: by
2019, aging populations had become widespread in all states, resulting in
deaths increasingly concentrated among older age groups. Cross-state dif-
ferences in crude death rates among the elderly primarily reflect varying
degrees of population aging, though the influence of mortality differences
has increased over time. Southern states, in particular, have seen higher
crude death rates, might due to the domestic migration of older adults
seeking warmer climates.
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Figure 7 illustrates the strong association between the percentage of
the population aged 65 and above and the percentage of C'DRg; ., relative
to the total crude death rate C'DR,,;, presented separately for females
(left panel) and males (right panel). Each state is represented by individ-
ual points, with red circles denoting data from 1969 and blue triangles
from 2019. The national averages for each year are shown by black mark-
ers. Several key trends emerge from the figure. First, there is a clear
positive association, indicating that states with higher degree of popula-
tion aging consistently have a larger percentage of CDRg5. . Second, in
1969, there was considerable variation among states in both the propor-
tion of elderly populations and the percentage of deaths occurring at ages
65 and above. By 2019, this variation had notably narrowed, reflecting
widespread population aging across all states and a uniformly higher con-
centration of deaths among older individuals. Third, across both years, the
percentage of deaths among older adults remained consistently higher for
females than for males, highlighting women’s longevity advantage and the
greater concentration of their deaths at older ages.
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Figure 7: Population aging and the percentage of CDRg5, over

CDRyy1q1 by states in 1969 and 2019
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size. The percentage of y-axis equals to [(CDR¢5+/CDR:otq:1) - 100%)]. Individual states appear as
red circles (1969) or blue triangles (2019), with national averages in black.

Source: Authors’ calculation based on USMDB (2024).

Using the Kitagawa decomposition, an age group can substantially af-
fect a CDR difference if it shows large differences between the state and
the U.S. in either its population share or its mortality rate. However, mor-
tality at the old-ages is higher than at middle-ages according to the distri-
bution of age-st-death, so the CDR is always going to be strongly affected
by population composition gaps at old age. And in an aging population,
the effect of mortality gaps should be larger when the gaps occur at older
ages than middle age.

Therefore, we separate CDRg5.. gaps between states and the U.S. into
contributions due to differences in age-specific mortality rates (top row),
and those due to differences in population aging (bottom row) in 2019 by
gender, shown in Figure 8. Here, purple indicates a positive contribution,
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and green indicates a negative contribution, with darker shading represent-
ing larger magnitudes. For illustration, in 2019, the CDRg5 for females
was 5.28 per thousand in Texas compared to 7.02 per thousand nationally,
resulting in a gap of -1.74. This gap can be decomposed into a differ-
ence due to age-specific mortality rates (0.30, contributing -17%) and a
difference due to the population share aged 65 and older (-2.04, contribut-
ing -117%). The numbers indicate that while Texas has slightly higher
mortality rates for elderly females than the national average, its smaller
proportion of elderly residents (younger population age structure) drives
the lower CDRgs, value.

As we might expect, in most states, differences in the share of the el-
derly population account for a larger portion of the differences in CDRgs5 ¢
than differences in old-age mortality levels themselves, while the role of
mortality differences has also become increasingly important over time (as
confirmed by Figures A-8).

Notably, the contribution from population aging is particularly pro-
nounced in southern states. This might reflect the domestic migration of
elderly populations who tend to move from the colder areas in the North-
east and the Midwest to warmer southern states. For instance, Florida has
gained the largest numbers of domestic migrants aged 65 years and older
between 2015 and 2019 (Mateyka and He 2022).

An interesting gender-specific phenomenon emerges in states such as
Arizona: for females, lower CDRgs. compared to the national average
is mainly driven by lower mortality rates despite slightly higher elderly
population shares, while for males, higher CDRgs, reflects larger elderly
population shares despite lower mortality rates. Taking Arizona in 2019
as an example, females show a negative contribution from differences in
age structure but a positive contribution from differences in mortality dif-
ferences. But males display the opposite: a positive contribution from
differences in age structure and a negative contribution from differences in
mortality. These patterns become clear when examining the specific num-
bers. For females, the CDRg5, was 6.64 per thousand compared to 7.02
nationally, yielding a gap of -0.38. This gap decomposes into a difference



a0 due to age-specific mortality rates (-0.45, contributing 118%) and popu-
a0 lation share aged 65+ (0.07, contributing -18%). Thus, the lower female
a1 CDRgs4 in Arizona compared to U.S. was primarily driven by lower mor-
a1z tality rates despite slightly higher elderly population shares. Conversely,
sz for males, Arizona’s CDRgs, was 6.61 per thousand versus 6.31 nation-
s ally, resulting in a gap of 0.30. This gap decomposes into mortality rate
a5 differences (-0.66, contributing 322%) and population share differences
a6 (0.96, contributing -222%). Therefore, Arizona’s higher male CDRgs5.
a7 compared to U.S. was attributed to substantially higher elderly population
a8 proportions, despite lower mortality rates. These findings align with ¢
s19  decomposition results, as ey in Arizona exceeded the national average for
220 both sexes in 2019, with positive contributions from the 65+ age group.

Figure 8: The decomposition of CDRg; . gaps between
individual states and the U.S., 2019
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Source: Authors’ calculation based on USMDB (2024).

21 4.2.4 How mortality differences by age groups drive state-level
422 mortality gaps

23 Here we summarize how age-specific mortality differences, and their changes
224 from 1969 to 2019, have shaped state-level differences and trends in the
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three metrics: ey, V(6), and CDR. Child mortality has played a dimin-
ishing role in recent decades, while differences in mortality at middle and
older ages, along with variation in population age structures, have become
the primary drivers of differences between states (The pattern of change in
the metrics is detailed in Figures A-5, A-7, and A-8).

Leading states maintained and widened their edge in mortality met-
rics. California, for example, is “better” than the U.S. in ey, V' (6), and
CDR in 1969 and 2019. Higher life expectancy primarily results from
significant mortality reductions at midlife and older ages; lower lifespan
variance reflects persistently low mortality at middle ages; and low CDR
comes from lower age-specific mortality rates combined with a younger
population structure.

In contrast, initially disadvantaged states continued to lag, facing mor-
tality burdens at middle and older ages. A typical example is West Vir-
ginia, which experienced minimal gains in life expectancy at birth, ris-
ing crude death rates, and increased lifespan variance. Midlife mortal-
ity significantly contributed to the e, gap between West Virginia and the
U.S. in 1969, shifting to poorer old age mortality in 2019, possibly due to
variation in health care. A consistently higher lifespan variance resulted
mainly from the higher mortality rates among middle-aged groups, largely
attributable to causes such as opioid overdoses (Merino et al. 2019). The
higher crude death rates in West Virginia in both 1969 and 2019 resulted
from a combination of higher mortality rates and a larger proportion of
older individuals. A similar and increasing mortality disadvantage is found
in parts of Appalachia and the South, where midlife health outcomes have
stagnated or worsened.

There are also mixed situations. For instance, Mississippi had lower e
and higher V' (6) compared to the U.S. average, although its own lifespan
variance slightly decreased over time. Nevertheless, we find that reducing
midlife mortality in Mississippi should remain a key policy target for nar-
rowing lifespan inequality. Note also that females in some states, such as
Vermont, performed “better” than the U.S. average in terms of a decreasing
V(6) and an increasing eg, yet experienced higher and rising crude death
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rates due to faster population aging. The pattern exhibited by a given state
depends on the metric used, highlighting the importance of our decompo-
sitions in uncovering the significance of age-specific mortality change.

5. Conclusion

Our study used three complementary mortality indicators, life expectancy
at birth, lifespan variance, and crude death rate, to reveal distinct conse-
quences of state-level mortality gaps (compared with the United States)
from 1969 to 2019. We used innovative decomposition methods to deter-
mine how age-specific mortality gaps influenced the three indicators at the
state-level.

We examined differences over time between states and the U.S. in
eo, V(6), and CDR. Some states had relatively high life expectancy but
elevated crude death rates due to older population structures. Other states
had life expectancies comparable to the U.S. but higher lifespan variability,
mainly due to premature deaths, although there is also an effect of longer
lives in some states. Despite overall progress in mortality, southeastern
states, including Mississippi and West Virginia, continued to exhibit sig-
nificant inequalities in life expectancy, lifespan variance and CDR gaps.

Our decompositions demonstrated that young ages (0-5 years) consis-
tently contributed minimally to state-level differences in any metric. How-
ever the contributions of mortality gaps at middle (6-64) and older (65+)
ages shaped these differences, sometimes increasingly over time. South-
eastern states, such as Mississippi and West Virginia, persistently showed
the dual burden of rising midlife and old-age mortality. Population age
structure differences explained a substantial portion of state-level differ-
ences in crude death rates, particularly driven by older age groups.

Our analysis and decomposition methods disentangle the effects of
age-specific mortality differences, the sensitivity of mortality indicators to
proportional changes in mortality rates, and population age structure. Age-
specific differences in mortality rates may be easy to measure but their
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consequences require the analyses we do here. The contribution of any
age group to an overall mortality indicator can stem from large differences
in mortality rates, high sensitivity of the indicator to even small changes,
or shifts in population age structure. By identifying these key drivers of
mortality differences, the study help ensure that policy responses can be
targeted appropriately — to not only increase how long people live, but also
reduce inequalities in lifespan and manage the burden of mortality in each
state.



496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

519

520

521

522

523

524

525

References

Aburto, J.M., Villavicencio, F., Basellini, U., Kj®rgaard, S., and Vau-
pel, J.W. (2020). Dynamics of life expectancy and life span equality.
Proceedings of the National Academy of Sciences 117(10): 5250-5259.
doi:10.1073/pnas.1915884117.

Andreev, E.M. and Shkolnikov, V.M. (2012). An excel spread-
sheet for the decomposition of a difference between two values of
an aggregate demographic measure by stepwise replacement run-
ning from young to old ages. Rostock: Max Planck Institute
for Demographic Research (MPIDR Technical Report TR-2012-002)
https://www.demogr.mpg.de/papers/technicalreports/tr-2012-002.pdf.

Andreev, E.M., Shkolnikov, V.M., and Begun, A.Z. (2002). Algorithm for
decomposition of differences between aggregate demographic measures
and its application to life expectancies, healthy life expectancies, parity-

progression ratios and total fertility rates. Demographic Research 7:
499-522. https://www.jstor.org/stable/26348070.

Arriaga, E.E. (1984). Measuring and explaining the change in life ex-
pectancies. Demography 21(1): 83-96. doi:10.2307/2061029.

Avendano, M. and Kawachi, 1. (2014). Why do americans have
shorter life expectancy and worse health than do people in other high-
income countries?  Annual Review of Public Health 35: 307-325.
doi:10.1146/annurev-publhealth-032013-182411.

Baltrus, P., Malhotra, K., Rust, G., Levine, R., Li, C., and Gaglioti, A.H.
(2019). Identifying county-level all-cause mortality rate trajectories and

their spatial distribution across the united states. Preventing Chronic
Disease 16: ES5. doi:10.5888/pcd16.180486.

Chetty, R., Stepner, M., Abraham, S., Lin, S., Scuderi, B., Turner, N.,
Bergeron, A., and Cutler, D. (2016). The association between income
and life expectancy in the united states, 2001-2014. Jama 315(16):
1750-1766. doi:10.1001/jama.2016.4226.



526

527

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

5562

553

554

555

Choi, J., Ki, M., Kwon, H.J., Park, B., Bae, S., Kim, S.H., and Jun,
B.Y. (2019). Health indicators related to disease, death, and reproduc-
tion. Journal of Preventive Medicine and Public Health 52(1): 14-20.
doi:10.3961/jpmph.18.250.

Currie, J. and Schwandt, H. (2016). Inequality in mortality decreased
among the young while increasing for older adults, 1990-2010. Sci-
ence 352(6286): 708-712. doi:10.1126/science.aaf1437.

Deaton, A. and Lubotsky, D. (2003). Mortality, inequality and race in
american cities and states. Social science & medicine 56(6): 1139-
1153. doi:10.1016/S0277-9536(02)00115-6.

Dwyer-Lindgren, L., Kendrick, P., Kelly, Y.O., Sylte, D.O., Schmidt, C.,
Blacker, B.F., Daoud, F., Abdi, A.A., Baumann, M., Mouhanna, F. et al.
(2022). Life expectancy by county, race, and ethnicity in the usa, 2000—
19: a systematic analysis of health disparities. The Lancet 400(10345):
25-38. doi:10.1016/S0140-6736(22)00876-5.

Edwards, R.D. and Tuljapurkar, S. (2005). Inequality in life spans
and a new perspective on mortality convergence across industrial-
ized countries. Population and Development Review 31(4): 645-674.
doi:10.1111/j.1728-4457.2005.00092.x.

Engelman, M., Canudas-Romo, V., and Agree, E.M. (2010). The im-
plications of increased survivorship for mortality variation in aging
populations.  Population and Development Review 36(3): 511-539.
doi:10.1111/j.1728-4457.2010.00344 .x.

Ezzati, M., Friedman, A.B., Kulkarni, S.C., and Murray, C.J.L. (2008).
The reversal of fortunes: trends in county mortality and cross-county
mortality disparities in the united states. PLoS medicine 5(4): e66.
doi:10.1371/journal.pmed.0050066.

Fenelon, A. (2013). Geographic divergence in mortality in the
united states. Population and development review 39(4): 611-634.
doi:10.1111/j.1728-4457.2013.00630.x.



556

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

580

581

582

583

584

585

Fernandez, O.E. and Beltrdn-Sanchez, H. (2015). The entropy of the
life table: A reappraisal. Theoretical population biology 104: 26-45.
doi:10.1016/].tpb.2015.07.001.

Firebaugh, G., Acciai, F., Noah, A.J., Prather, C., and Nau, C. (2014).
Why lifespans are more variable among blacks than among whites in
the united states. Demography 51(6): 2025-2045. doi:10.1007/s13524-
014-0345-2.

Gillespie, D.O., Trotter, M. V., and Tuljapurkar, S.D. (2014). Divergence in
age patterns of mortality change drives international divergence in lifes-
pan inequality. Demography 51(3): 1003—-1017. doi:10.1007/s13524-
014-0287-8.

Goldman, N. and Lord, G. (1986). A new look at entropy and the life table.
Demography 23(2): 275-282. doi:10.2307/2061621.

Gupta, P.D. (1978). A general method of decomposing a difference be-
tween two rates into several components. Demography 15: 99-112.
doi:10.2307/2060493.

Hiam, L., Minton, J., and McKee, M. (2021). What can lifespan varia-
tion reveal that life expectancy hides? comparison of five high-income
countries. Journal of the Royal Society of Medicine 114(8): 389-399.
doi:10.1177/01410768211011742.

Horiuchi, S., Wilmoth, J.R., and Pletcher, S.D. (2008). A decomposition
method based on a model of continuous change. Demography 45(4):
785-801. doi:10.1353/dem.0.0033.

Jdanov, D., Jasilionis, D., and Shkolnikov, V. (2024). Two-dimensional
contour decomposition: Decomposing mortality differences into initial
difference and trend components by age and cause of death. Demo-
graphic Research 50: 1223—-1246. doi:10.4054/DemRes.2024.50.41.

Keyfitz, N. (1977). Applied Mathematical Demography. New York:
Wiley-Interscience.

Keyfitz, N., Caswell, H. et al. (2005). Applied mathematical demography.



5

]
(&}

587

588

589

590

591

592

593

594

595

596

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

6

=

5

Springer.

Kitagawa, E.M. (1955). Components of a difference between two rates.
Journal of the american statistical association 50(272): 1168-1194.
doi:10.1080/01621459.1955.10501299.

Lee, R. and Tuljapurkar, S. (1997). Death and taxes: how
longer life will affect social security.  Demography 34: 67-81.
https://www.jstor.org/stable/2061660.

Liang, H., Guo, Z., and Tuljapurkar, S. (2023). Why life expectancy over-
predicts crude death rate. Genus 79(1): 9. doi:10.1186/s41118-023-
00188-8.

Mateyka, PJ. and He, W. (2022). Domestic migration of
older americans: 2015-2019. US Census Bureau Report
https://www.census.gov/library/publications/2022/demo/p23-218.html.

Merino, R., Bowden, N., Katamneni, S., and Coustasse, A. (2019). The
opioid epidemic in west virginia. The Health Care Manager 38(2): 187-
195. doi:10.1097/HCM.0000000000000256.

Montez, J.K., Beckfield, J., Cooney, P., Grumbach, J.M., Hayward, M.D.,
Koytak, H.C., Woolf, S.H., and Zajacova, A. (2020). Us state policies,
politics, and life expectancy. The Milbank Quarterly 98(3): 668—699.
doi:10.1111/1468-0009.12469.

Montez, J.K. and Berkman, L.F. (2014). Trends in the educational gradient
of mortality among us adults aged 45 to 84 years: bringing regional

context into the explanation. American journal of public health 104(1):
€82—e90. doi:10.2105/AJPH.2013.301526.

NCI (2024). Surveillance, epidemiology, and end results (seer)
program. National Cancer Institute (USA). Avaliable at
https://seer.cancer.gov/popdata.thru.2022/download.html (Data down-
loaded on 03/22/2024).

Oeppen, J. and Vaupel, J.W. (2002). Broken limits to life expectancy.
Science 296(5570): 1029-1031. doi:10.1126/science.1069675.



616

617

618

619

620

621

622

623

624

625

626

627

629

630

631

632

633

634

635

636

637

638

639

640

641

642

643

644

645

Pollard, J.H. (1982). The expectation of life and its relationship to
mortality.  Journal of the Institute of Actuaries 109(2): 225-240.
doi:10.1017/S0020268100036258.

Preston, S.H., Heuveline, P., and Guillot, M. (2001). Demography: Mea-
suring and Modeling Population Processes. Blackwell Publishing Ltd.

Rizzi, S., Gampe, J., and Eilers, P.H. (2015). Efficient estimation of
smooth distributions from coarsely grouped data. American Journal
of Epidemiology 182(2): 138—147. doi:10.1093/aje/kwv020.

Sasson, I. (2016). Trends in life expectancy and lifespan variation by ed-
ucational attainment: United states, 1990-2010. Demography 53(2):
269-293. doi:10.1007/s13524-015-0453-7.

Shkolnikov, V.M., Andreev, E.E., and Begun, A.Z. (2003). Gini coefficient
as a life table function: computation from discrete data, decomposition

of differences and empirical examples. Demographic Research 8: 305—
358. https://www.jstor.org/stable/26348086.

Smits, J. and Monden, C. (2009). Length of life inequality
around the globe. Social Science & Medicine 68(6): 1114-1123.
doi:10.1016/j.socscimed.2008.12.034.

Su, W, Van Raalte, A., Aburto, J.M., and Canudas-Romo, V.
(2024). Subnational contribution to life expectancy and life
span variation changes. = Demographic Research 50: 583-624.
doi:10.4054/DemRes.2024.50.22.

Subramanian, S.V., Kawachi, 1., and Kennedy, B.P. (2001). Does the state
you live in make a difference? multilevel analysis of self-rated health
in the us. Social Science & Medicine 53(1): 9—-19. doi:10.1016/S0277-
9536(00)00309-9.

Tuljapurkar, S., Li, N., and Boe, C. (2000). A universal pattern
of mortality decline in the g7 countries. Nature 405: 789-792.
doi:10.1038/35015561.

USMDB (2024). United states mortality database. University of Califor-



646

6

b

7

648

649

650

651

652

653

654

655

656

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

nia, Berkeley (USA). Avaliable at usa.mortality.org (Data downloaded
on 04/12/2024).

Van Raalte, A.A., Sasson, I., and Martikainen, P. (2018). The case
for monitoring life-span inequality. Science 362(6418): 1002-1004.
doi:10.1126/science.aau5811.

Van Raalte, A.A. and Caswell, H. (2013). Perturbation analysis of
indices of lifespan variability.  Demography 50(5): 1615-1640.
doi:10.1007/s13524-013-0223-3.

Vaupel, J.W. (1986). How change in age-specific mortality af-
fects life expectancy. Population studies 40(1):  147-157.
doi:10.1080/0032472031000141896.

Vaupel, J.W. and Canudas-Romo, V. (2003). Decomposing change in life
expectancy: A bouquet of formulas in honor of nathan keyfitz’s 90th
birthday. Demography 40(2): 201-216. doi:10.1353/dem.2003.0018.

Vaupel, J.W.,, Zhang, Z., and van Raalte, A.A. (2011). Life expectancy
and disparity: an international comparison of life table data. BMJ Open
1(1): e000128. doi:10.1136/bmjopen-2011-000128.

Wilmoth, J.R. and Horiuchi, S. (1999a). Rectangularization revisited:
Variability of age at death within human populations. Demography
36(4): 475-495. doi:10.2307/2648085.

Wilmoth, J.R. and Horiuchi, S. (1999b). Rectangularization revisited:
variability of age at death within human populations. Demography
36(4): 475-495. doi:10.2307/2648085.

Woolf, S.H. and Schoomaker, H. (2019). Life expectancy and mortal-
ity rates in the united states, 1959-2017. Jama 322(20): 1996-2016.
doi:10.1001/jama.2019.16932.

Xiao, F., Mei, L., and Jiang, Q. (2022). Urban-rural differences in
china’s crude death rate changes. BMC Public Health 22(1): 399.
doi:10.1186/s12889-022-12717-9.



675

677

678

679

680

Xu, W., Engelman, M., and Fletcher, J. (2021). From convergence to
divergence: Lifespan variation in us states, 1959-2017. SSM-Population
Health 16: 100987. doi:10.1016/j.ssmph.2021.100987.

Zhang, Z. and Vaupel, J.W. (2009). The age separating early
deaths from late deaths. Demographic Research 20(29): 721-730.
doi:10.4054/DemRes.2009.20.29.



681

682

683

684

685

686

687

688

689

690

Appendices

Detailed derivations of variance of age-at-death

Focus on the variance of age-at-death after age a denoted as V'(a), so for
a random age at death 7" we have

V(a) = Var[T] = E[T?] — (E[T])?, (10)

where E denotes the expected value and 7' > a. The moments are

E[T?] = %/m dr xl(z) + a? (11)
E[T] = a+e(a) =a+ ﬁ /:O dz (), (12)

and 50
V(a) = %/aoodxxl(x) ~ Je(a)]? — 2ae(a). (13)

For state ¢ define the proportional change from U.S. mortality as ¢*(z), as
we did in equation (2). Then for state i, the cumulative mortality M*(z)
and the survival probability I*(z) from birth to age x of are respectively

M (z) = /033 ds pi'(s) = M*“(x) + /Jj ds &' (s)p"(s), (14)

0

I'(x) = exp[—M'(z)] = exp[-M“(z) — /OI ds 6*(s) ™ (s)]. (15)

For state 7, the conditional survival probability from age a to age x is
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(to linear order in 6°(z)),

o - [ s onr(s) 16
and so
i _Ooxli@),veua_ooxlu(x)xsisus
6(a)_/a d ll(a) - () /a d ZU(OJ)/Q d 5( ),U ( )7 (17)

which implies that the difference in e(a) between state i and the U.S. av-
erage is

Ae(a) = —/ dx (z) / ds 8 (s)p"(s). (18)
a 1“(a) Jq
Thus the variance of age-at-death after age a for state ¢ is

2
I'(a)

Denote the terms in the above line as

Vi) = s [ deal(e) = F@F - 2@ (19

2 N ' = [e(a)]?, C = 2ae'(a
A:l"(a)/a dx zl'(z), B = [e'(a)]?, C' = 2ae'(a).

Using our expansions,

—L oo:l::v“:r— oo:n:zrlu(x) Isis “(s
A [ dmar) =2 [ an Tl [ assous). @

B ~ [e"(a)]* — 2¢“(a) /00 dx () /ﬂf ds 6" (s)p"(s), (21)

o 1"a) )
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["(x)

C = 2ae"(a) — 2a /OO dx "(a) /w ds 6" (s) " (s)], (22)

a

Adding these we find

Vi(a) = V¥a) +2/OO dx [e"(x) +a— z] Ha) /ﬂv ds &' (s)u"(s). (23)

l“(a) Jq

The entropy-like quantity and the sensitivity of ¢, and V' (a)

The age-pattern of contributions to ey gaps in Figure 1b shows that old
ages play a major role. That observation marches with a simpler and well-
known analysis: suppose that mortality in state ¢ differs from U.S. mortal-
ity by the same proportion £° at every age. Then

(51(1’) =K, — 66 =ef — k! / dx g"(x), (24)
0

where ¢“(x) is an entropy-like quantity (Fernandez and Beltran-Sanchez
2015; Liang, Guo, and Tuljapurkar 2023)

g*(x) = =1"(x) logI"(x). (25)

Thus a proportional change &’ in mortality at every age changes e§ by an
amount proportional to g*(x) at age x (Vaupel 1986; Goldman and Lord
1986; Keyfitz, Caswell et al. 2005). For modern industrialized countries,
the entropy-like quantity also shows that old ages matter a great deal (see
Figure A-1a).
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Figure A-1: The sensitivity of ¢y and 1/ (6) of U.S. females in

1969 and 2019
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Note: (a) The sensitivity of e to proportional changes in u*(z). (b) The sensitivity of V*(6) to
proportional changes in p*(x)
Source: Authors’ calculation based on USMDB (2024).

Similarly, when proportional changes in age-specific mortality rates
are uniform across ages, and this results in a change in the variance of
age-at-death above age a, given by:

dVia) [ ) 4 ] I
dln,u(:c)—2/a dz[e*(z) +a — 2] h*(z), (26)

where h*(x) is another entropy-like function, similar in structure to the
sensitivity of life expectancy, and defined as:

P, 1)

= @ B ey

(27)

Figure A-1b illustrates the sensitivity of V' (a) for U.S. females in 1969
and 2019. Both curves show a “young-old threshold” age T'(a): at ages
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below the threshold, declines in mortality will reduce the variance (by
compressing the distribution of deaths), whereas mortality decline at ages
above the threshold, increase the variance (by widening the distribution of
deaths).
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Figure A-2:  The mortality gaps between individual states and the
U.S. in 1969

(a) Gaps in eg
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Source: Authors’ calculation based on USMDB (2024).



Figure A-3: Mortality dynamics of each state and the U.S., from

1969 to 2019
Female Male
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Note: The changes of mortality indicators here are calculated by values in 2019 minus values in
1969. Each label, the state abbreviations, represents a specific state or the overall US average. The
color of each label indicates the direction of changes in V' (6): green represents a decrease in V' (6),
while purple represents an increase in V(6). The magnitude of V' (6) changes is reflected in the font
size of the state abbreviations. The horizontal axis indicates changes in eg, the vertical axis
represents changes in the CDR.

Source: Authors’ calculation based on USMDB (2024).



Figure A-4:
1969 to 2019
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Note: The shaded regions illustrate the range of mortality indicator values across states, where the
upper boundary is the highest observed state-level value and the lower boundary is the lowest one.

The solid black line denotes the U.S. national value.

Source: Authors’ calculation based on USMDB (2024).



Figure A-5:  The magnitude of contribution from age groups to ¢
gaps between individual states and the U.S. in 1969 and

2019
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Note: Different shades indicate the magnitude of contributions to eq gaps: slight (<25%), moderate
(25%—75%), and strong (>75%).
Source: Authors’ calculation based on USMDB (2024).



Figure A-6:  The young-old threshold age 7'(6) of the U.S. from

1969 to 2019
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Source: Authors’ calculation based on USMDB (2024).



Figure A-7:  The percentage differences of 1/ (6) between
individual states and the decompositions in 1969 and
2019

1969 2019
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Note: The percentage differences in V' (6) between individual states and the U.S. are calculated as
[Vi(6) —V*(6)]/V*“(6), and the differences from early and late inequality are also divided by V*(6).
Source: Authors’ calculation based on USMDB (2024).

Figure A-8:  The decomposition for female crude death rate gaps
between individual states and the U.S. in 1969 and 2019

1969 2019
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Age structure
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Note: Different shades indicate the magnitude of contributions to CDR gaps: slight (<25%),
moderate (25%—75%), and strong (>75%).
Source: Authors’ calculation based on USMDB (2024).



Table A-1: Distribution of the values of &'(x) - n“(x)

Mean SD Minimum 1st percentile Median  99th percentile Maximum
Female -0.00047 0.02080 -0.57795 -0.07157 -0.00003 0.06235 0.29490
Male -0.00018 0.02235 -0.52204 -0.07806 -0.00003 0.06798 0.35331

Note: Values of §/(x) - u“(x) are calculated across states, years, sexes, and ages. The sex-specific
distribution is provided to validate the assumption underlying the linear Taylor expansion, namely that
5 (x)  m(x) < 1.
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