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Summary

What is already known about this topic?

All-cause mortality in the United States declined from 1935 through 2014,
with a recent uptick in 2015. This national trend is composed of disparate
local trends.

What is added by this report?

By using a novel methodology, we detected 8 unique county-level mortal-
ity rate trajectory groups.  Disparities widened from 1999 to 2016.  Differ-
ences existed in the demographic and socioeconomic profiles across the
trajectory groups, with favorable mortality trajectories in the Northeast, in
the Midwest, and on the West Coast and unfavorable trajectories concen-
trated in the Southeast.

What are the implications for public health practice?

Further investigation of the determinants of the trajectory groupings and
the geographic outliers identified could inform interventions to achieve
equitable distribution of county mortality rates.

Abstract

Introduction
All-cause  mortality  in  the  United  States  declined  from  1935
through 2014, with a recent uptick in 2015. This national trend is
composed of disparate local trends. We identified distinct groups
of all-cause mortality rate trajectories by grouping US counties
with similar temporal trajectories.

Methods
We used all-cause mortality  rates  in  all  US counties  for  1999
through 2016 and estimated discrete  mixture models  by using
county level mortality rates. Proc Traj in SAS was used to detect
how county trajectories clustered into groups on the basis of simil-
ar intercepts, slopes, and higher order terms. Models with increas-
ing numbers of groups were assessed on the basis of model fit. We
created county-level maps of mortality trajectory groups by using
ArcGIS.

Results
Eight  unique  trajectory  groups  were  detected  among  3,091
counties. The average mortality rate in the most favorable traject-
ory group declined 29.4%, from 592.3 deaths per 100,000 in 1999
to 418.2 in 2016. The least favorable mortality trajectory group
declined 3.4% over the period, from 1,280.3 deaths per 100,000 to
1,236.9. We saw significant differences in the demographic and
socioeconomic profiles and geographic patterns across the traject-
ory categories, with favorable mortality trajectories in the North-
east, Midwest, and on the West Coast and unfavorable trajectories
concentrated in the Southeast.

Conclusions
County-level disparities in all-cause mortality rates widened over
the past 18 years. Further investigation of the determinants of the
trajectory groupings and the geographic outliers identified by our
research could inform interventions to achieve equitable distribu-
tion of county mortality rates.

Introduction
The all-cause mortality rate is an indicator of general population
health. The age-adjusted all-cause mortality rate declined in the
US general population from 1935 (1) to a record low in 2014 (2).
A notable 1.1% increase occurred in the age-adjusted all-cause
mortality rate in 2015 (3). Overall declines in mortality rates did
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not occur in all geographic areas (4); southeastern states had high-
er rates overall and lower rates of decline compared with the na-
tional trend (3).

Although mortality rate trends differ by state, it is important to
study mortality and mortality trends at smaller geographic levels.
Although use of counties as a geographic unit of analysis has lim-
itations (5,6) and county-level infrastructure is variable, counties
are the smallest unit of analysis for which stable mortality rates
can be calculated and for which infrastructure exists for imple-
menting and administering health and social policies. County mor-
tality rates vary by geography (7,8), but few analyses of all-cause
mortality rate trends have been done at the county level. Although
some methods are available to compare and analyze long-term
trends in mortality rates that include joinpoint regression, spatial
and  aspatial  generalized  linear  mixed  models,  and  Bayesian
space–time models, all these approaches rely on the change in the
rates being compared to exhibit linear or log linear changes over
time and rely on a series of changes between small intervals over
the entire time period (9).

We sought to group and examine common trends in county-level
mortality  for  the  most  recently  available  mortality  data
(1999–2016) by using a new statistical method called group-based
trajectory modeling (GBTM). Although trends in US counties
were previously reported by examining the difference in rates at 2
time points and linear or log linear changes in rates over time,
GBTM incorporates information from all time points and allows
for examination of nonlinear (quadratic, cubic, and other higher
order) rate trends. GBTM determines if groups of study units with
similar trajectory shapes exist  and has been used to determine
whether the health outcome trends of individual units group to-
gether into patterns (10–13). To our knowledge, this method has
not been used to examine mortality rates in US counties.

We sought to identify patterns of county mortality rate trajectories
and to determine if any positive (exceptionally low initial rates de-
creasing rapidly) or negative (exceptionally high rates decreasing
slowly or not at all) deviant trajectories existed. We also estim-
ated the extent to which trajectories clustered geographically. Fi-
nally, we identified geographic deviants: counties whose mortal-
ity rate trajectory group patterns were significantly different than
the trajectories of surrounding counties.

Methods
County-level, age adjusted mortality data from the Compressed
Mortality File was obtained for years 1999 through 2016 from the
National Center for Health Statistics through a data use agreement

(14). We included all deaths across the entire age spectrum. We
included rates for each year in which the number of deaths in a
county was greater than or equal to 20. Counties were included in
the analysis if they had at least 2 years of stable mortality rate
data.

The yearly, age-adjusted, all-cause mortality rate of the county
was the outcome measure used to generate rate trajectories using
Proc Traj for SAS, version 9.4 (SAS Institute, Inc) (15,16). Group-
based trajectory modeling assumes that a certain number of dis-
crete underlying groups in the population each have their own
population prevalence, intercept, and slope and possibly higher or-
der terms (17). These subpopulations are not directly observable
but are estimated (latent).

Proc Traj requires specification of the number of groups the mod-
el will fit. We estimated a quadratic model with a dependent vari-
able of mortality rate and an independent variable of time in years
with a  single  group and kept  adding groups and assessing the
change in the Bayesian information criterion (BIC) as an evalu-
ation of model fit (15,18). We simultaneously assessed the per-
centage of counties in each group and the shape of the trajectories
when plotted. The fit of the model increased with the addition of
more groups. The model with 8 groups produced both a negative
deviant group and a positive deviant group (defined as being less
than 2% of the counties and substantially different upon visual in-
spection from the other trajectories). Group 1 was the positive de-
viant group whereas group 8 was the negative deviant group, both
having trajectories  with substantially  lower rates  (group 1)  or
higher rates (group 8) than the rest of the trajectories (Figure 1).
Identification of such groups was one of the aims of our study;
adding a greater number of groups did not affect the composition
of these 2 groups, nor did it identify any new deviant groups. In-
cluding more than 8 groups only created more roughly parallel
groups between group 2 and 7, some with very small numbers of
counties. The BIC continued to increase with the addition of more
groups beyond 8 (Appendix A), but on the basis of the foregoing
considerations we stopped at 8 groups for ease of interpretation of
the data. For sensitivity analysis, we repeated the process with lin-
ear models as the starting point. Trajectory groups looked similar
to linear models, but the quadratic models produced a better fit ac-
cording to the BIC. We next added or removed second and higher-
order terms from each group’s model on the basis of significance
(P < .05). This process yielded quadratic models for trajectories 1,
2, and 8. Trajectories 3 through 7 included a cubic term.
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Figure 1. Age-adjusted mortality rate trajectories for US counties for 8 groups
of  counties  based  on  group-based  trajectory  models,  1999–2016.   The
outcome measure used to generate rate trajectories was the yearly,  age-
adjusted, all-cause mortality  rate of the county.  Solid lines correspond to
model-predicted values for rates; dotted lines are confidence intervals for the
predicted values.

 

We  used  US  census  data  for  2000  and  2010  to  describe  the
changes in sociodemographic composition of the county traject-
ory groups. Variables included total population, population dens-
ity (population per square mile), median age, percentage of county
population living below the federal poverty level, median house-
hold income, percentage white population, percentage black popu-
lation, percentage American Indian/Alaska Native population, per-
centage Asian population,  and percentage Hispanic (any race)
population.  We reported  means  for  each  year  and  changes  of
means between the years.

We created a choropleth map of the county trajectory groups (Fig-
ure 2).  Thematic  mapping of  county trajectories  showed clear
evidence of spatial autocorrelation. This simply means that obser-
vations that are located next to each other are related to each other,
that is, there is no spatial independence between observations. We
measured the degree of spatial autocorrelation (ie, the degree to
which neighboring observations are related to each other) by us-
ing the Global Moran’s I statistic of ArcGIS Pro (Esri). We used 2
method to determine the number of neighbors for each observa-
tion: polygon contiguity (based on neighbors sharing borders) and
inverse distance (which means the farther away a neighbor is, the
less influence the neighbor has) (19,20). Once we determined the
number and relationship of neighbors, we identified local clusters
by using the local indicators of spatial association (LISA) tech-
nique (19). The LISA technique generates a statistic named Getis-
Ord Gi* (Esri), which specifies where features with high or low
values cluster. Significant clusters were those where a feature and

its neighbors all had high Getis-Ord Gi* values. Geographic devi-
ants were defined as counties that had much higher or much lower
values than their neighboring counties. On the basis of a county’s
relative position within a cluster, counties were grouped into 4 cat-
egories  of  significant  spatial  clusters  (P  <  .05):  1)  high–high
clusters representing all counties with high mortality, the worst
trajectory group; 2) high–low clusters representing counties in the
worst trajectory groups near counties in the most favorable traject-
ory groups (at-risk counties doing worse than those around them);
3) low–high clusters representing counties in the best trajectory
groups  near  counties  in  the  worst  trajectory  groups  (resilient
counties doing better than those around them); and 4) low–low
clusters of counties in the most favorable trajectory groups. Of
3,144 counties, 3,091 counties and county equivalents were in-
cluded in the analysis.
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Figure 2. Trajectories of age-adjusted all-cause mortality in US counties using
group-based trajectory models, 1999–2016. The outcome measure used to
generate rate trajectories was the yearly, age-adjusted, all-cause mortality rate
of the county. Panel A: Trajectories of all-cause mortality rates for US counties.
Panel B: Local clusters of mortality trajectories in US counties detected by
using  local  indicators  of  spatial  association  (LISA).  The  4  categories  of
significant spatial clusters (P < .05): 1) high–high clusters representing all
counties with high mortality, the worst trajectory group; 2) high–low outliers
representing counties in the worst trajectory groups near counties in the most
favorable trajectory groups (at-risk counties doing worse than those around
them); 3) low–high outliers representing counties in the best trajectory groups
near counties in the worst trajectory groups (resilient counties doing better
than those around them); and 4) low–low clusters of counties in the most
favorable trajectory groups. Source: 1999–2016 Compressed Mortality File,
Centers for Disease Control and Prevention (14).

 

 

 

Results
The equations for trajectories 1, 2, and 8 included quadratic terms,
which produced  trajectories with slower mortality rates decline
over time (Figure 1). The equations for trajectories 3 through 7
contained a cubic term and produced trajectories that had a slow-
ing rate of decline in rates with increasing rates near the end of the
study period (Table 1). The numeric ordering of trajectories re-
flects mortality rate trajectories from most favorable to least favor-
able. Trajectory 1 had the lowest average mortality rate at the be-
ginning of the study (1999) and at the end of the study (2016) and
the steepest decline over the study period. Trajectory 8 had the
highest mortality rates at both time points and only a modest de-
cline over the study period. The trajectories did not overlap, which
indicates that disparities in mortality rates across the trajectory
groups persisted throughout the study period.

Disparities between trajectory groups increased over the study
period. At baseline, the average mortality rate for Trajectory 1 was
592.3 deaths per 100,000, decreasing by 29.4% to 418.2 deaths per
100,000,  whereas  Trajectory  8  had  a  baseline  rate  of  1,280.3
deaths per 100,000 and decreased by 3.4% over the 18-year peri-
od to 1,236.9 deaths per 100,000 (Table 2). These 2 groups had a
difference of 688 deaths per 100,000 in 1999 that increased to a
difference  of  818.7  deaths  per  100,000  in  2016.  There  was  a
graded association in the amount of change in rates across the tra-
jectory groups; as baseline rates increased, the rate decline de-
creased.

Sociodemographic characteristics of county trajectory groupings
were similar for 2000 and 2010. A graded association with medi-
an income and poverty was noted across trajectory groups. Medi-
an income decreased and percentage of county population living
below the federal poverty level increased as health trajectories
worsened (Table 2). A more complex relationship was observed
with racial  composition of mortality trajectory groupings.  The
county percentage of black population increased from trajectory 1
to trajectory 7. Percentage of white population increased across
Trajectories 1 to 2, peaked at Trajectory 3, and then decreased
from Trajectory 3 to 8. The percentage of American Indian/Alaska
Native population increased across trajectory groups, peaking in
Trajectory 8 (2000,11.8%; 2010,12.7%). The percentage of Asian
and Hispanic populations in county trajectory groups increased as
trajectories became more favorable.

Panel A of Figure 2 depicts the geographic variation of mortality
rate  trajectory  groups.  The  Southeast  was  characterized  by
counties in high mortality rate trajectory groups, whereas counties
in low mortality trajectory groups tended to be in the Northeast,
the upper Midwest, and the West Coast. This pattern was reflec-
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ted in the clustering of counties detected by using LISA (Panel B
of Figure 2). Clusters of the most favorable trajectory counties
(low–low) and counties with worse trajectories than neighboring
counties (high–low) were in the northern, midwestern, and west-
ern regions.  Clusters  of  the least  favorable trajectory counties
(high–high) and clusters of counties with significantly better tra-
jectories than their neighboring counties (low–high) were predom-
inantly in the south. This indicates that while some regions of the
country may be doing well or poorly in terms of mortality there
are counties with substantially different mortality trajectory pat-
terns than their geographic neighbors.

We identified positive and negative deviant county groups. Tra-
jectory 1 (positive deviant, n = 14) had substantially lower mortal-
ity rates than the middle 6 trajectories, and trajectory 8 (negative
deviant, n = 50) had substantially higher mortality rates than the
middle 6 trajectories during the study period.  Positive deviant
counties tended to be wealthy except for Presidio County, Texas, a
small, West Texas county bordering the Rio Grande River with a
largely Hispanic (83.4%) population. Two trajectory 1 counties
were in the Washington, District of Columbia, metropolitan area
and 3 in Colorado; the remaining trajectory 1 counties were dis-
persed throughout the country. Several negative deviant counties
were identified with differing demographic characteristics, but
most had high poverty rates. Counties in North Dakota (n = 1) and
South Dakota (n = 5)  had large Native American populations,
counties in the Mississippi Delta (n = 8) had large black popula-
tions, and an Appalachian cluster in Kentucky (n = 14) and West
Virginia (n = 4) was predominantly white.

Discussion
We used a new application of group-based trajectory modeling to
identify groups of US counties with similar temporal trajectories
of all-cause mortality rates. This national analysis over an 18-year
period identified 8 distinct trajectory groups. Within those traject-
ories,  we  identified  groups  of  positive  and  negative  deviant
counties. This work presents a new approach to identifying and
quantifying spatiotemporal trends in health disparities that ad-
dresses  limitations  of  current  approaches.  First,  this  approach
overcomes the limitation of relying on linear or log-linear rate
changes over time by allowing for higher order terms in the equa-
tions used to generate trajectories. Second, this approach allows
the  use  of  all  rates  in  a  period  instead  of  relying  on  change
between rates at 2 points within an overall period. Third, this ap-
proach groups trajectory patterns that emerge from the data used to
support the analysis instead of relying on an a priori trend categor-
ization. Our main findings show substantial and widening inequit-
ies in mortality rates and mortality rate trends across groups of US
counties. We saw geographic clustering of the trajectories, with

worse trajectories clustering in the Southeast and better trajector-
ies clustering in the Northeast, the upper Midwest, and the West
Coast.  Local-area  variation  in  mortality  has  been  well-docu-
mented  in  the  United  States  (7,8).  However,  identification  of
clusters of counties with similar mortality rate trajectories over
time contributes to understanding the factors that drive such differ-
ences. Demographic factors such as racial composition and so-
cioeconomic status have been demonstrated and partially explain
high mortality trajectories and less favorable mortality trajectories
in the South (21).

In our analysis, several counties in trajectory 8, the worst mortal-
ity trajectory group, have disproportionately large American Indi-
an populations. For example, Sioux County, North Dakota, rests
entirely within the Standing Rock Indian Reservation. Buffalo
County, South Dakota, where the Cow Creek Sioux Tribe resides,
had the highest 2016 all-cause mortality rate and the lowest per
capita income in the United States. This may be because Ameri-
can Indians have higher rates of mortality across the lifespan than
other racial/ethnic groups (22–24). Additionally, the economic and
social conditions on reservations may contribute to a higher mor-
tality rate and a less favorable temporal mortality rate trajectory
for American Indians living on reservations compared with those
living in other areas of the country.

Historically disenfranchised places in the Mississippi Delta, where
there were high concentrations of slavery followed by the structur-
al inequities of sharecropping and segregation (25), and in Ap-
palachia, where poverty and environmental and occupational in-
justice is entrenched (26), had a disproportionate number of tra-
jectory 8 counties. One study found similar spatial clustering of
poor physical and mental health and food insecurity in these areas
(27).  Counties in trajectory 8 that were not part  of geographic
clusters may have unique factors that explain their poor mortality
rates and rate trajectories that warrant further exploration. The size
of the rate gap between trajectory 8 counties and the other traject-
ory groupings is cause for concern, further study, and action.

Counties in the best trajectory group, trajectory 1, had generally
higher socioeconomic conditions than other parts of the country,
but not uniformly so. Marin County, California; Los Alamos, New
Mexico;  Montgomery County,  Maryland;  and Fairfax County,
Virginia, ranked in the top 20 counties in the nation by median in-
come. No other county in the top 25 median-income counties for
the nation was found in this best outcome group, so high socioeco-
nomic status may not be enough to predict favorable mortality tra-
jectory trends. Other counties in the group had a less affluent so-
cioeconomic profile. For example, although Collier County, Flor-
ida, includes affluent communities such as Naples and Marco Is-
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land, it also included vast rural areas with large numbers of mi-
grant farmworkers and had an overall median income less than
half that of the most affluent counties in the nation.

Multilevel influences potentially contribute to the differences we
observed across groups of mortality rate trajectories. Changes in
socioeconomic status, demographic composition, health care infra-
structure,  patterns  of  health  care  use,  health  behaviors,  and
changes in state and federal health, housing, education, and social
policy could all be contributing factors. One demographic com-
positional change we noted was that the largest percentage and
change in percentage of Hispanic populations occurred in counties
with the best mortality outcomes. This may be due to the docu-
mented “Hispanic paradox” in health outcomes (28,29).

Although we saw a significant geographic clustering of counties in
each trajectory, some counties with low mortality rate trajectories
were in the same geographic area as those with high rate trajector-
ies (and vice versa). These counties may be considered positive
deviants, having achieved more optimal mortality rates and rate
trends despite being surrounded by counties with worse mortality
rates and less improvement over time. If these positive deviance
communities have common characteristics amenable to interven-
tion, they could reveal a path toward achieving improved out-
comes in counties with unfavorable trajectory patterns. Alternat-
ively,  these  positive  deviant  counties  may  be  surrounded  by
counties with significantly different demographic composition,
health care access, or rurality, and such differences also may ac-
count for the differences in mortality trajectories observed in our
analysis.

Our study has several limitations. We chose to use age-adjusted
mortality rates for everyone without stratifying by age, sex, or race
to create an overall indicator of public health in US counties be-
cause of the large amount of space required to present a descrip-
tion of this novel methodology for the first time. Preliminary ana-
lysis of different age and racial/ethnic groups has indeed revealed
nonuniform trends (Appendix B), which we intend to discuss in
future articles. By studying all-cause mortality, differences in spe-
cific causes of death would possibly cause different trajectory
groupings and geographic patterns. On the other hand, all-cause
mortality is less subject to many of the known limitations of death
certificate data. We have only begun to tease out the myriad ex-
planatory factors for these differences in outcomes. Although geo-
graphic granularity is limited in this county-level analysis, smaller
neighborhood-level analyses may produce unstable rates and may
be difficult to interpret on a national level. There are also limita-
tions in interpreting the results of the statistical models. Traject-
ory 1 contained only 14 counties, but these counties had a greater
than 98% probability of belonging to group 1, indicating that they
are true outliers. All counties had a greater than 50% probability

of  membership  in  their  assigned  group,  and  misclassification
would likely result in being assigned to the trajectory above or be-
low the one reported. More groups could have been added to the
model,  but  this  would have improved the model fit  minimally
without providing more information to inform interventions.

Further research should examine what county level factors are as-
sociated with the observed patterns in county groupings of mortal-
ity rate trajectories identified here. Demographic, socioeconomic,
and health system variables as well as social variables such as so-
cial capital and social cohesion should be examined. Although tra-
ditional regression models will be helpful, we suggest that a more
comprehensive approach be taken to determine how these vari-
ables interact to produce the observed patterns. Such an approach
will require the use of longitudinal data on the predictor variables
and modeling approaches including multilevel modeling, structur-
al equations, and system dynamic models.

That county disparities in temporal, all-cause mortality rate trends
are worsening suggests that we need to quickly learn the reasons
why some counties succeed in reducing mortality rates while oth-
ers fail. The lessons learned from successful counties could be ap-
plied to those that are failing. The identification of positive geo-
graphic outliers may provide an opportunity to learn what factors
may be driving exceptional outcomes. Hopefully, investigating
these special cases will lead to knowledge to help improve the
health outcomes of lagging counties and thereby reduce county
level disparities in the all-cause mortality trends observed here.
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Tables

Table 1. Coefficients for Estimated Trajectories From Group-Based Trajectory Models Using 1999–2016 US County Annual All-Cause Mortality Dataa

Trajectoryb Interceptc (P Value) Sloped (P Value) Quadratice (P Value) Cubicf (P Value) % of US Counties No. of Counties

1 628.51 (<.001) −19.92 (<.001) 0.51 (.02) NA 0.5 14

2 775.94 (<.001) −17.78 (<.001) 0.47 (<.001) NA 9.4 290

3 826.74 (<.001) −8.19 (<.001) −0.48 (.03) 0.03 (<.001) 19.7 608

4 901.42 (<.001) −5.31 (.002) −0.96 (<.001) 0.05 (<.001) 25.2 780

5 968.73 (<.001) −1.53 (.42) −1.25 (<.001) .05 (<.001) 20.3 626

6 1,020.59 (<.001) 5.95 (.007) −1.88 (<.001) 0.08 (<.001) 15.1 467

7 1,087.72 (<.001) 13.58 (<.001) −2.55 (<.001) 0.10 (<.001) 8.2 252

8 1,273.51 (<.001) −7.73 (.002) 0.28 (.03) NA 1.7 54

Abbreviation: NA, not applicable.
a Coefficients are from an 8-group model; coefficients were added or removed from models if P < .05 for the coefficient. Note that if a term became nonsignificant
when a higher-order term was added to the model and significant, the nonsignificant lower-order term remained in the model. Data are from the Centers for Dis-
ease Control and Prevention’s Compressed Mortality File (14).
b The numeric ordering of trajectories reflects mortality rates from most favorable (lowest baseline rate/largest decline in rate) to least favorable (highest baseline
rate/largest decline in rate).
c Baseline mortality rate estimated by the model.
d First order term estimated by model; represents the linear component of change in rate per year.
e Second order term estimated by model; represents the quadratic component of change in rate per year.
f Third order term estimated by model (if significant); represents the cubic component of change in rate per year.
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Table 2. Age-Adjusted, All-Cause Mortality Rates and Demographic Characteristics of the 1999–2016 County Mortality Trajectory Groupsa

County Group 1 2 3 4 5 6 7 8 Overall

Counties, n (%) 14 (0.5) 290 (9.4) 608 (19.7) 780 (25.2) 626 (20.3) 467 (15.1) 252 (8.2) 54 (1.7) 3091 (100)

Mortality rate per 100,000

1999 592.3 748.6 813.4 893.2 961.6 1,026.7 1,104.9 1,280.3 920.1

2016 418.2 604.7 709.5 789.1 863.3 964.3 1,059.9 1,236.9 825.2

Change −173.9 −143.9 −103.9 −104.1 −98.3 −62.4 −45.0 −43.4 −94.9

% Change −29.4 −19.2 −12.8 −11.7 −10.2 −6.1 −4.1 −3.4 −10.3

Population

2000 180,108 231,865 106,542 99,164 62,933 46,473 30,796 20,059 91,196

2010 202,341 255,498 120,595 109,220 68,043 47,651 30,859 18,939 100,053

Change 22,234 24,324 13,888 10,087 5,111 1,088 633 −857 8,853

Population densityb

2000 370.3 839.7 224.3 212.8 167.7 144.1 146.0 68.1 247.3

2010 413.0 903.5 247.3 227.8 181.2 143.8 143.0 64.5 264.2

Change 42.7 63.8 22.6 15.0 13.5 −0.3 −3.1 −2.4 17.2

Median age, y

2000 36.8 37.4 37.9 37.3 37.4 36.9 36.4 33.4 37.2

2010 39.9 40.6 41.1 40.4 40.1 39.5 39.3 37.3 40.2

Change 3.1 3.2 3.2 3.0 2.7 2.6 2.9 3.8 2.9

Persons with income below federal poverty level, %

2000 8.0 9.0 10.1 11.9 14.1 16.6 19.6 23.9 13.3

2010 10.5 11.7 13.1 15.3 17.8 20.5 24.4 28.8 16.8

Change 2.4 2.8 3.0 3.3 3.7 3.9 4.8 4.9 3.5

Median annual household incomec, $

2000 83,248 66,912 59,120 55,160 50,636 45,790 41,360 37,317 53,400

2010 76,184 62,960 55,007 50,575 46,311 42,078 37,987 36,653 49,308

Change −7,064 −3,952 −4,113 −4,585 −4,325 −3,712 −3,373 −664 −4,092

Race/ethnicity, %

White

2000 86.6 88.2 91.1 87.9 83.4 77.8 71.2 70.1 84.4

2010 83.4 86.1 89.5 86.6 82.0 76.4 69.4 68.4 82.9

Change −3.2 −2.1 −1.7 −1.3 −1.4 −1.4 −1.7 −1.4 −1.5

Black

2000 2.5 2.9 2.4 5.2 10.9 16.5 22.3 16.3 8.9

2010 3.0 3.2 2.8 5.4 10.9 16.3 22.5 16.2 9.0

Change 0.4 0.3 0.4 0.2 −0.1 −0.2 0.2 −0.2 0.1

a Data are from the Centers for Disease Control and Prevention’s Compressed Mortality File (14). Sociodemographic data are from the 2000 and 2010 US Census.
b People per square mile.
c 2018 dollars.
d Any race.

(continued on next page)

PREVENTING CHRONIC DISEASE VOLUME 16, E55

PUBLIC HEALTH RESEARCH, PRACTICE, AND POLICY             MAY 2019

The opinions expressed by authors contributing to this journal do not necessarily reflect the opinions of the U.S. Department of Health and Human Services,

the Public Health Service, the Centers for Disease Control and Prevention, or the authors’ affiliated institutions.

10       Centers for Disease Control and Prevention  •  www.cdc.gov/pcd/issues/2019/18_0486.htm



(continued)

Table 2. Age-Adjusted, All-Cause Mortality Rates and Demographic Characteristics of the 1999–2016 County Mortality Trajectory Groupsa

County Group 1 2 3 4 5 6 7 8 Overall

Asian

2000 2.8 2.6 1.0 0.7 0.5 0.4 0.3 0.3 0.8

2010 3.8 3.4 1.4 1.0 0.7 0.6 0.4 0.3 1.2

Change 1.0 0.8 0.4 0.3 0.2 0.2 0.1 0.1 0.3

American Indian/Alaska Native

2000 0.6 0.8 1.2 1.4 1.2 2.2 3.9 11.8 1.8

2010 0.6 0.9 1.3 1.5 1.3 2.4 4.1 12.7 1.9

Change 0.1 0.1 0.1 0.1 0.1 0.2 0.2 0.4 0.1

Hispanicd

2000 16.3 8.3 7.0 7.3 6.2 3.8 2.3 2.00 6.1

2010 21.2 10.8 9.3 9.5 8.5 5.8 3.5 2.7 8.3

Change 4.9 2.5 2.3 2.2 2.3 2.0 1.2 0.7 2.1
a Data are from the Centers for Disease Control and Prevention’s Compressed Mortality File (14). Sociodemographic data are from the 2000 and 2010 US Census.
b People per square mile.
c 2018 dollars.
d Any race.
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Appendix A. Bayesian Information Criterion For Models With 1 to 30 Groups of
Countiesa

Number of Group BIC ∆BICb

1 −353,621.1 Not applicable

2 −33,8347.9 15,273.2

3 −33,2614.9 5,733

4 −32,9808.4 2,806.5

5 −32,8178.7 1,629.7

6 −32,7229.1 949.6

7 −32,6665.9 563.2

8 −32,6316.9 349.0

9 −32,5754.4 562.5

10 −32,5551.7 202.7

11 −32,5567.8 −16.1

12 −32,5230.3 337.5

13 −32,5012.4 217.9

14 −32,4841.7 170.7

15 −32,4743.4 98.3

16 −32,4601.8 141.6

17 −32,4544.4 57.4

18 −32,4481.9 62.5

19 −32,4438.9 43.0

20 −32,4460.2 −21.3

21 −32,4318.0 142.2

22 −32,4311.6 6.4

23 −32,4204.7 106.9

24 −32,4214.5 −9.8

25 −32,4179.4 35.1

26 −32,4121.1 58.3

27 −32,4084.9 36.2

28 −32,4188.9 −104.0

29 −32,4123.2 65.7

30 −32,4152.1 −28.9
a All models are quadratic.
b ∆BIC = BICgroup = k+1 – BICgroup = k.
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Appendix B. Trajectories for County All-Cause Mortality Rates, 1999–2016, by
Race/Ethnicity, Age Groups, and Sex.
This appendix is available for download at

https://www.msm.edu/Research/research_centersandinstitutes/NCPC2/documents/publications/Preventing-Chronic-Disease-Appendix-
B.pdf
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