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SYNOPSIS

Objective. We predicted the amount of health outcome improvement any 
state might achieve if it could reach the highest level of key health determi-
nants any individual state has already achieved.

Methods. Using secondary county-level data on modifiable and nonmodifiable 
health determinants from 1994 to 2003, we used regression analysis to predict 
state age-adjusted mortality rates in 2000 for those younger than age 75, 
under the scenario of each state’s “ideal” predicted mortality if that state had 
the best observed level among all states of modifiable determinants.

Results. We found considerable variation in predicted improvement across 
the states. The state with the lowest baseline mortality, New Hampshire, was 
predicted to improve by 23% to a mortality rate of 250 per 100,000 population 
if New Hampshire had the most favorable profile of modifiable health determi-
nants. However, West Virginia, with a much higher baseline, would be pre-
dicted to improve the most—by 46% to 254 per 100,000 population. Individual 
states varied in the pattern of specific modifiable variables associated with their 
predicted improvement. 

Conclusions. The results support the contention that health improvement 
requires investment in three major categories: health care, behavioral change, 
and socioeconomic factors. Different states will require different investment 
portfolios depending on their pattern of modifiable and nonmodifiable 
determinants.
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It is well understood that there is substantial variation 
in health outcomes, however measured, across the 50 
U.S. states. It is also becoming more widely appreciated 
that improving such outcomes is the product of the 
multiple determinants of health, including genetics, 
health care, individual behavior, and the social and 
physical environment.1

Significant previous work has been conducted on 
avoidable mortality, both in the U.S. and Europe,2,3 
including a recent report by Weisz and colleagues 
comparing France, England, Wales, and the U.S.4 
Unfortunately, research has not yet provided adequate 
guidance to policy makers with regard to specific invest-
ment choices across these categories to improve popula-
tion health. Public health advocates have often based 
policy advocacy on early estimates from the Centers for 
Disease Control and Prevention, which indicated that 
about 40% of deaths are caused by behavioral factors, 
30% by genetics, 15% by social circumstances, 10% 
by medical care, and 5% by physical environmental 
exposures.5 The widely recognized America’s Health 
Rankings has four determinant categories with weights 
currently assigned as follows by an expert panel: 36% 
personal behaviors, 25% community environment, 18% 
public and health policies, and 21% clinical care.6 

Some investigators have examined single determi-
nants; for example, Cutler has recently assigned a 50% 
weight to medical care, while also conducting sensitiv-
ity analysis from 25% to 75%.7 In contrast, Woolf and 
colleagues have estimated that correcting disparities in 
education-associated mortality rates would have averted 
eight times more deaths than those attributable to 
medical advances between 1996 and 2002.8 Looking 
at two determinant categories, using longitudinal data 
from the Americans’ Changing Lives survey, Lantz 
et al. found that four common health risk behaviors 
(smoking, physical activity, alcohol consumption, and 
body mass index) had only modest impact in predicting 
functional status and self-rated health in low-income 
populations after controlling for socioeconomic fac-
tors. They concluded that “Risk behaviors are not the 
dominating mediating mechanism for socioeconomic 
health differences.”9 In addition, a recent examination 
of 22 European countries found that the variation in 
health inequalities could be attributed to variations in 
smoking, alcohol consumption, and access to care, but 
that the patterns of determinants of inequality differed 
by gender, country, and outcome measured.10 

Limitations of datasets and adequate methods make 
difficult such policy-oriented population health analysis 
even across such broad determinant categories and, 
even more so, across specific programs and policies. 
However, it is well known that substantial variation in 

these determinant categories is found across the 50 
U.S. states,6,11 and that even the most healthy states do 
not have the best level of each health determinant that 
any state has already achieved. It is, therefore, unlikely 
that any state has yet achieved the most healthy popula-
tion that it could. We estimated the feasible range of 
mortality improvement that might be possible for any 
state if it could achieve for each determinant what any 
state has already achieved.

METHODS 

We sought to predict the lowest possible mortality rate 
that states might expect to achieve if they obtained the 
best levels of health determinants observed among 
all states. To do this, we compiled county-level data 
(Figure 1). Our dependent variable was based on an 

Figure 1. Description of sources and years of data for 
dependent and independent variables used to predict 
state age-adjusted mortality rates in 2000

Variable Year and source

Dependent variable 
  Age-adjusted ,75 years  
  mortality rate (per 100,000  
  population) 

2001–2003 Centers for 
Disease Control and 
Prevention Wonder

Nonmodifiable variables
  Percent native-born 2000 Census
  Percent rural 2000 Census
  Race proportion 2000 Census
    African American 2000 Census
    Asian 2000 Census
    Pacific Islander 2000 Census
    American Indian 2000 Census
  Percent aged $65 years 2000 Census
  Percent female 2000 Census
  Percent Hispanic or Latino 2000 Census

Modifiable variablesa

  Percent high school graduates 2000 Census
  Median family income 2000 Census
  Percent college graduates 2000 Census
  Percent inactive 1994–2000 BRFSS
  Percent living alone 2000 Census
  Percent obese 1994–2000 BRFSS
  Percent smokers 1994–2000 BRFSS
  Percent unemployed 2000 Census
  Percent uninsured 2000 U.S. Census Bureau, 

Small Area Health Insurance 
Estimates Program

aThe following variables were dropped from the final model: 
percent of pre-1950 housing, mean travel time to work (for those 
employed), percent eating ,5 servings of fruit/vegetables per day, 
percent binge drinkers, percent women aged 40–69 years with 
no mammogram in past two years, percent with no physician visit 
in past two years, crime rate, and air quality (mean cancer and 
respiratory risk).

BRFSS 5 Behavioral Risk Factor Surveillance System
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age-adjusted ,75 years mortality rate (per 100,000 
population) for 2001–2003. For our predictor variables, 
we compiled county-level data from multiple sources for 
years prior to 2001–2003 on numerous characteristics, 
including health-related medical care (e.g., uninsured 
rate), sociodemographics (e.g., high school gradua-
tion rate), and behavior (e.g., smoking prevalence). 
Candidate data elements had to (1) be available for 
most counties in the U.S., (2) be collected in a similar 
fashion in each county, and (3) have a hypothesized 
relationship to mortality outcomes. A characteristic was 
deemed modifiable if potentially amenable to program 
or policy intervention, but nonmodifiable if it was not 
(e.g., racial composition of a county was not deemed 
modifiable while smoking rates were). Because of data 
limitations, 121 counties and the state of Alaska were 
eliminated from the model.

We then developed a parsimonious model predict-
ing county-level age-adjusted mortality rates for those 
younger than 75 years of age and used the model to 
predict states’ mortality rates under different scenarios. 
The primary scenario of interest was each state’s “ideal” 
predicted mortality if that state had the best observed 
level (among all states) of modifiable characteristics. 
Note that in this approach we used county-level eco-
logic data to develop a model predicting counties’ 
mortality rates, but then applied that model to states. 
This was done because the 3,017 counties provided a 
more powerful data source than the states and allowed 
for a more detailed examination of possible models. 
The examination of many predictor variables and their 
higher-order terms (including, for example, squared 
terms and interactions) would not have been possible 
using states’ mortality rates as the outcome variable. 

For the model, we identified clusters of highly cor-
related predictor variables (correlation coefficient 
$0.8). Within a set of highly correlated variables, 
variables that were most related to mortality were 
retained for possible inclusion in the final model. 
We excluded the remaining variables from the final 
model to avoid the problem of multicollinearity. We 
included all remaining predictor variables (including 
squared terms) in a “full” multiple linear regression 
model and inspected them for their association with 
mortality. If squared terms were not significant, they 
were dropped and first-order terms were examined. 
We retained all statistically significant first-order and 
squared terms (and corresponding first-order terms, 
regardless of significance) in the final model. Variables 
for percent of population aged $65 years and percent 
of population female were retained in the final model 
regardless of their statistical significance, so that the 
county comparisons would be adjusted by age and 

gender. (Note, though, that mortality rates were also 
age-adjusted.)

We also examined interactions among select predic-
tor variables for statistical significance and performed 
modeling diagnostics, including the examination of 
residual plots and assessment of influence of individual 
data points. In all models, we weighted counties by 
their population. Finally, we entered states’ observed 
and “ideal” levels of each characteristic into the model 
to create state-specific predicted mortality rates under 
their prevailing (actual) circumstances (i.e., the usual 
predicted values from a linear model) and under ideal 
circumstances. Ideal circumstances were modeled by 
replacing states’ observed predictor variables with the 
best observed values among all states for those variables 
identified as modifiable. 

To obtain an  estimate of the relative amount of 
improvement in mortality rate that might be realized 
by a state improving a specific modifiable factor from 
a state’s current level to that of the best value attained 
among all states, we performed the following compu-
tation steps:

  1.	 We calculated the difference between each 
state’s predicted mortality from our final regres-
sion model (using states’ observed modifiable 
and nonmodifiable predictor variables). 

  2.	 We subtracted each state’s estimated best attain-
able mortality (assuming each state had the 
best observed value of all modifiable factors) 
from the predicted mortality. This provided an 
estimate, under the model, of how much a state 
might be able to improve (i.e., 100% of possible 
improvement).

  3.	 Starting with each state’s observed values of pre-
dictor variables, we estimated the improvement 
in mortality when we input the best observed 
value of each modifiable factor, one at a time, 
separately for each state.

  4.	 The improvement calculated in step three was 
taken as a percentage of the 100% possible 
improvement in mortality rate calculated in 
step two. 

Taking Alabama as an example, our method found 
the following: (1) Alabama’s predicted mortality 
under the final model was 486.6 deaths per 100,000 
population (as compared with an observed mortality 
of 491.2 per 100,000 population); (2) the difference 
between Alabama’s predicted mortality and mortality 
estimated if Alabama had the best level of modifiable 
factors among all states was 486.6 2 302.4 5 184.2 
per 100,000 population; (3) if Alabama dropped its 
smoking prevalence from 24% (observed) to 13% 
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(best prevalence among all states was Utah), the 
estimated mortality under the model would be 469.3 
per 100,000 population (i.e., a reduction of 17.3 per 
100,000 population, based on 486.6 2 469.3); and (4) 
the estimated reduction of 17.3 per 100,000 population 
is 9.4% (17.3/184.2) of the total reduction possible 
calculated in step two.

RESULTS 

Table 1 shows the results of this analysis. The final 
ecologic model predicting counties’ mortality rates 
(n53,017 counties) had an R2 value of 0.87, indicating 
a very high level of prediction of county mortality with 
the 25 retained first- and second-order (squared) terms. 
The second-to-last column shows the change in the 
number of deaths of those younger than 75 years of age 
per 100,000 population for a 1% prevalence increase of 
each predictor variable (or $1,000 increase in median 
household income). Note that the prevalences had vary-
ing ranges (comparing states’ minimum and maximum 

prevalences among variables), so that a 1% increment 
for employment rate (range: 4% to 6%) was relatively 
more pronounced than a 1% increment in prevalence 
of college graduates (range: 15% to 30%).

Among the nonmodifiable variables, the percentage 
of native-born people had the largest relative associa-
tion with mortality, with an increment of 3.9 deaths 
per 100,000 population associated with a 1% greater 
prevalence. The county percentage of females, African 
Americans, and American Indians also predicted higher 
age-adjusted mortality rates, while the percentage of 
Pacific Islanders and residents older than 65 years of 
age predicted lower death rates per 100,000 popula-
tion. Among the modifiable variables, the percentage 
of the population that was uninsured had the largest 
impact on the predicted mortality rate, with a 1% 
increase in the uninsured being associated with an 
8% increase in mortality rate. Three socioeconomic 
variables (high school graduation, college graduation, 
and median family income) were associated with lower 
mortality rates, while the percentage living alone and 

Table 1. Regression analysis of modifiable and nonmodifiable variables  
on county deaths per 100,000 population, U.S., 2001–2003 

States’ mean 
(percent)

States’ 
minimum 
(percent)

States’ 
maximum 
(percent)

Main-effect 
coefficient 
(deaths per 

100,000 
population)

Squared-term 
coefficient 
(deaths per 

100,000 
population)

Estimated increment 
(or decrement) of 

deaths per 100,000 
population for a 1% 

increased prevalencea P-valueb

Intercept 131

Nonmodifiable variables
  Native-born 91.8 72.7 98.6 3.9 3.9 ,0.0001
  Rural 28.3 5.5 61.8 -0.6 20.6 ,0.0001
  Race proportion
    African American 10.4 0.5 36.6 1.8 1.8 ,0.0001
    Asian 3.7 0.7 58.1 1.2 1.2 ,0.0001
    Pacific Islander 0.7 0.0 23.3 22.2 22.2 ,0.0001
    American Indian 2.4 0.4 19.1 1.4 1.4 ,0.0001
  Aged $65 years 12.5 5.7 17.6 22.1 22.1 ,0.0001
  Female 50.8 48.3 51.9 2.0 2.0 0.001
  Hispanic or Latino 7.8 0.7 42.1 0.1 20.01 0.0 ,0.0001b

Modifiable variables
  Uninsured 13.4 8.2 23.7c 11.3 20.26 7.8 ,0.0001b

  High school graduate 81.9 72.8 88.1c 23.9 -3.9 ,0.0001
  Median family incomed 50.0 37.0 66.3c 23.6 0.03 -1.9 ,0.0001b

  College graduate 23.8 15.0 33.1c 22.7 -2.7 ,0.0001
  Living alone 9.8 5.6c 11.7 7.2 7.2 ,0.0001
  Inactive 56.6 47.1c 67.9 2.3 20.02 1.3 0.001b

  Smoker 23.1 13.9c 30.0 1.7 1.7 ,0.0001
  Unemployed  3.6 2.5c 6.1 0.7 0.36 2.0 ,0.0001b

  Obese 18.1 13.0c 23.0 0.5 0.5 0.003

aValues for variables with squared terms indicate the increment (or decrement) estimated at the states’ mean value.
bP-value for variables with significant squared terms is for likelihood ratio test of both the main effect and squared term.
cR250.87; “best” observed state value 
dMeasured in thousands of dollars
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percentage unemployed were associated with higher 
death rates per 100,000 population. In the behavior 
category, both higher smoking and inactivity rates were 
associated with higher mortality rates.

Figure 2 and Table 2 display the results for each 
state. Figure 2 indicates the percent improvement in 
deaths per 100,000 population predicted for each state 
if each state had the highest (most favorable) level of 
each modifiable determinant observed among all states 
(plotted against states’ actual, observed mortality rates). 
We found a positive correlation (R250.72) between the 
degree of observed mortality rate of a state and what 
was predicted by this model. 

For example, a state with a low baseline mortality, 
Utah has a baseline rate of 316 per 100,000 popula-
tion, but the model predicts a rate of 263 per 100,000 
population—a 16% decrease if Utah had the most 
favorable profile of modifiable health determinants. 
In Massachusetts, with a similarly low baseline rate of 
319 per 100,000 population, predicted mortality would 

decrease by 22% to 229 per 100,000 population. On 
the other hand, a state with a high baseline mortality 
rate (West Virginia with 458 per 100,000 population) is 
predicted to decrease by 44% to 254 per 100,000 popu-
lation. South Carolina has a similar high baseline rate 
of 478 per 100,000 population, but the model predicts a 
still substantial but lower 35% improvement to 309 per 
100,000 population. At the same time, Figure 2 shows 
pairs of states such as Colorado/California and South 
Carolina/West Virginia with similar baselines but much 
different predicted improvement. For the country as 
a whole, the model predicts an overall improvement 
of 135 deaths per 100,000 population.

We also examined the relative amount of improve-
ment in mortality rate that might be realized by a state 
improving a specific modifiable factor from a state’s 
current level to that of the best value attained among 
all states. Table 2 also displays the variation seen from 
three of the modifiable variables for all states. There was 
considerable variation across the states in the relative 

Figure 2. Relationship between state baseline mortality (U.S., 2001–2003)  
and state mortality predicted by variables in the best scenario modela 

aBecause of data limitations, 121 counties and the state of Alaska were eliminated from the model.
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Table 2. Percent improvement in state-level deaths per 100,000 population (U.S., 2001–2003) predicted by three 
of the modifiable variables in the regression analysisa

Model 
baseline 

Predicted 
achievable 
mortality 

Predicted 
achievable 

improvement in 
mortality

Improvement 
predicted from 

percent  
uninsured

Improvement 
predicted from 

percent  
educationb

Improvement 
predicted  

from percent 
smokers

Number of deaths per 100,000 populationc Percent improvement

Alabama 487 302 184 20 47 9
Arizona 378 238 140 31 38 9
Arkansas 476 277 199 20 47 11
California 341 203 138 32 46 5
Colorado 344 257 86 42 7 17
Connecticut 334 248 85 16 24 15
Delaware 404 290 114 18 37 17
Florida 383 228 155 24 39 11
Georgia 443 303 140 27 43 11
Hawaii 312 229 82 34 39 12
Idaho 372 253 120 34 36 10
Illinois 391 265 126 23 35 13
Indiana 415 277 138 15 43 16
Iowa 354 255 99 4 38 16
Kansas 365 264 101 23 27 14
Kentucky 465 269 196 15 49 14
Louisiana 519 327 192 21 46 10
Maine 341 238 102 3 37 17
Maryland 393 302 91 27 24 13
Massachusetts 319 246 73 11 18 17
Michigan 408 284 125 16 39 16
Minnesota 331 263 68 10 23 16
Mississippi 525 321 203 21 50 8
Missouri 427 282 145 16 39 15
Montana 386 260 126 31 21 10
Nebraska 365 261 104 20 29 14
Nevada 400 237 163 23 42 16
New Hampshire 308 250 59 0 24 29
New Jersey 343 242 101 24 32 12
New Mexico 406 243 163 28 39 9
New York 371 231 139 23 37 10
North Carolina 442 286 156 21 42 13
North Dakota 376 257 119 8 37 12
Ohio 414 286 128 10 40 17
Oklahoma 447 282 165 25 38 11
Oregon 363 250 112 27 29 12
Pennsylvania 396 272 124 9 43 14
Rhode Island 378 246 132 10 45 12
South Carolina 478 309 168 20 47 11
South Dakota 388 262 126 18 35 13
Tennessee 459 288 171 16 48 13
Texas 405 243 163 28 46 9
Utah 316 263 53 63 36 0
Vermont 309 237 71 9 22 21
Virginia 386 282 104 23 33 15
Washington 351 252 99 31 20 14
West Virginia 458 254 204 14 48 11
Wisconsin 369 268 101 8 39 17
Wyoming 384 263 121 31 25 14
United States 392 257 135 25 40 10

aBecause of data limitations, 121 counties and the state of Alaska were eliminated from the model.
bImproving both high school and college education to the highest levels among all states
cDifferences shown may not be exact due to rounding.
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contribution from each modifiable determinant. For 
example, Utah had most of its reduction predicted to 
be from reducing the uninsured rate but nothing from 
smoking rates (as it already had the best smoking rate 
among all states). West Virginia had a relatively low 
percentage predicted from the uninsured but greater 
reduction associated with increased education rates.

DISCUSSION 

The main finding of this study was that, using the 
assumption that states could improve their level of 
modifiable variables to the best any state has achieved, 
considerable variation exists in how much potential 
improvement the model predicts across states. In 
general, the healthier states can improve less because 
the more healthy states have higher baseline levels of 
potentially modifiable determinants and more favor-
able baseline profiles of unmodifiable determinants. 
While this may seem obvious, we believe this method of 
examining improvement potential may be more help-
ful to policy makers who are concerned about health 
improvement in their states. The fact that even the 
healthiest states (e.g., New Hampshire and Vermont) 
do not have the highest levels of every determinant that 
any state has already achieved is important to recognize. 
At the same time, pairs of states (e.g., Colorado/Cali-
fornia and South Carolina/West Virginia) with similar 
baselines but much different predicted improvement 
may be instructive in terms of the different possible 
paths to improvement.

Limitations
This study was subject to several limitations. The 
major limitation of this study was the use of ecologic 
data to derive associations that might indicate causal 
relationships. The units of analysis for this study were 
counties and, thus, interpretations of specific associa-
tions between predictor variables and mortality should 
be made with caution. The “ecologic fallacy”—an 
assumption that associations among variables assessed 
from aggregate data apply to analogous individual-
level variables—could easily lead to misinterpretation 
of the model. On the other hand, ecologic analysis is 
often the relevant method of choice when the unit of 
analysis is a geographically defined area (e.g., a county 
within a state) where public health action is being 
considered.12,13 In addition, it is likely that intervening 
in one of the modifiable variables may also change 
the prevalence of other variables, resulting in a lower 
estimate of effect. However, the model is conserva-
tive in that we limited ourselves to the highest level 
of any modifiable variable that any state has already 

achieved. In the future, several variables (e.g., high 
school graduation and smoking rates) are likely to 
reach levels higher than any state has so far. 

Other limitations included limiting outcomes to 
mortality rates. One would expect different relation-
ships using health-related quality of life indicators or 
disparity measures; further work should examine such 
potential outcomes.14 In addition, even though the 
dates of the determinant data preceded the period of 
the mortality measures, many of them have a latency—
even long latency—in producing outcomes. Future 
work should attempt to appropriately lag as many 
determinant variables during the life course as possible. 
Finally, no adjustment was made or was even possible 
for the impact of migration on the outcome, leaving 
the impression that the outcome associations were with 
local determinants, when in fact some of them were 
the result of exposures in other places. 

CONCLUSIONS

Given the model’s analytic limitations, we are reluctant 
to draw precise conclusions from the relative contribu-
tions of each modifiable determinant. The directions of 
the relationships were all expected based on theory and 
other empirical work. Of note, however, was the larger 
independent association of the socioeconomic factors 
than the behavioral determinants, which is consistent 
with previous work by Lantz et al. and others.9,15 This 
finding could be due in part to the greater reliability of 
socioeconomic variables from the U.S. Census than the 
multiple years of Behavioral Risk Factor Surveillance 
System data. We were surprised by the magnitude of 
the living alone variable, although the direction of the 
association was consistent with previous work16 and 
with the similar variable “divorce” used in a previous 
analysis.17 Among the unmodifiable variables, percent 
native-born was a strong negative predictor, with its 
direction also supported by other empirical work.18 

Given the limitations of this analysis for drawing 
causal relationships, it is critical that we develop and 
use better datasets and analytic models to further 
tease apart the relationships discussed in this article. 
The complexity of establishing these relationships in 
population health has led Stoddart to call such work 
a “fantasy equation,” meaning that “at present we 
but vaguely understand the relative magnitude of the 
coefficients on the independent variables that would 
inform specific policies rather than broad directions, 
even if we are beginning to see the variables themselves 
more clearly.”19 Of course, these relationships do exist 
and are waiting to be discovered. Policy makers seldom 
require firm causal relationships for the decisions 
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that are made in the public or private sector,20 so the 
job of population health research is to get as close to 
causal understanding as is possible to guide political 
or managerial efforts. We believe our attempt to begin 
to quantify these relationships is helpful in this regard 
and will hopefully prompt additional work with other 
datasets and methods. 

Even though these results fall short of specific guid-
ance on cross-sectoral policies, they certainly support 
the contention that health improvement requires 
investment in all three major categories of health care, 
behavioral change, and socioeconomic factors. While 
population health scholars understand this notion, 
many in policy positions do not, especially as it relates 
to socioeconomic determinants. It is not a fantasy 
to understand that major improvements in health 
outcomes can be made by combining interventions 
in multiple sectors that have already been achieved 
in other jurisdictions. As relationships such as those 
described in this article gain better causal certainty, 
they should be of substantial guidance to policy makers 
in the public and private sectors as they attempt the 
most cost-effective improvement for those for whom 
they have responsibility.21 

Partial support for this study was obtained from the Robert Wood 
Johnson Health and Society Scholars Program at the University of 
Wisconsin, as well as from the Wisconsin Partnership Program’s 
Making Wisconsin the Healthiest State project. Neither funder 
was involved in the design and conduct of the study; collection, 
management, analysis, and interpretation of the data; or prepara-
tion, review, and approval of the article. The authors acknowledge 
the conceptual contributions of Javier Nieto, Pat Remington, and 
Sheryl Magzamen.
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