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Objectives. To illustrate the magnitude of between-state heterogeneities in tubercu-

losis (TB) incidence among US populations at high risk for TB that may help guide state-

specific strategies for TB elimination.

Methods.We used data from the National Tuberculosis Surveillance System and other

public sources from 2011 to 2015 to calculate TB incidence in every US state among

people who were non–US-born, had diabetes, or were HIV-positive, homeless, or in-

carcerated. We then estimated the proportion of TB cases that reflected the difference

between each state’s reported risk factor–specific TB incidence and the lowest incidence

achieved among 4 states (California, Florida, New York, Texas). We reported these

differences for the 4 states and also calculated and aggregated across all 50 states to

quantify the total percentage of TB cases nationally that reflected between-state dif-

ferences in risk factor–specific TB incidence.

Results. On average, 24% of recent TB incidence among high-risk US populations

reflected heterogeneity at the state level. The populations that accounted for the

greatest percentage of heterogeneity-reflective cases were non–US-born individuals

(51%) and patients with diabetes (24%).

Conclusions. State-level differences in TB incidence among key populations pro-

vide clues for targeting state-level interventions. (Am J Public Health. 2018;108:S311–

S314. doi:10.2105/AJPH.2018.304503)

The United States experienced an av-
erage annual decline in tuberculosis

(TB) incidence of more than 5% from 1993
to 2014.1 However, between 2014 and
2016, TB incidence remained essentially
flat, at approximately 3.0 cases per 100 000
people per year.2 To better understand
trends and continue progress toward
elimination (< 1 case/million people/
year),3 it may be useful to identify het-
erogeneities in TB incidence between
states among high-risk populations.4 De-
scribing the magnitude of such heteroge-
neity by specific risk factors can provide
insights for officials to tailor TB control
and prevention activities to the unique
public health requirements of each state.
Some sources of observed heterogeneity
may be unmodifiable, but other compo-
nents may be actionable. These results can

inform state-level investigations and
help develop effective targeted
interventions.

We therefore sought to quantify the dif-
ferences in TB incidence within selected
populations in all 50 US states, benchmarked
against TB incidence in 1 of 4 states (Cal-
ifornia, Texas, New York, Florida). These 4
states currently account for more than half of
all new TB cases in the United States and
contain large and heterogeneous populations

at high risk for TB disease relative to most
other states.

METHODS
We used incident TB case data reported

to the US Centers for Disease Control and
Prevention in the National Tuberculosis
Surveillance System from 2011 to 2015 for
the 50 US states and the District of Co-
lumbia.5 We focused on key populations
comprising persons who were reported to
be (1) non–US-born (by region: Europe,
Africa, Asia, the Americas), (2) diabetic, (3)
homeless in the past 12 months, (4) in-
carcerated, and (5) HIV-positive. We
estimated TB incidence in each key
population for all 50 states and the District
of Columbia. Given differences in the
availability of denominator data for key
populations by year, we calculated risk
factor–specific TB incidence using a ratio of
mean values across multiple years of data.
This method ensures that numerators (cases) and
denominators (population) are on the same
scale when years are missing in either one.

We obtained mean annual estimates of
each key population size for the 50 US states
including the District of Columbia from
several sources. Estimates of non–US-born
populations were obtained from the Ameri-
can Community Survey for the years 2011 to
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2015, stratified by region of birth.6 We es-
timated diabetic population sizes from the
Behavioral Risk Factor Surveillance System
for 2011 to 2015.7 We used the Annual
Homeless Assessment Report by the US
Department of Housing and Urban Devel-
opment from 2013 to 2015 to determine the
size of the homeless population.8 We esti-
mated incarcerated population sizes from the
US Bureau of Justice statistics from 2011 to
2015.9 We obtained HIV-positive population
estimates from the Centers for Disease Control
and Prevention National Center for HIV/
AIDS, Viral Hepatitis, STD, and TB Pre-
vention AtlasPlus database from 2010 to
2014.10 Details are included in Appendix A
(available as a supplement to the online version
of this article at http://www.ajph.org).

After calculating state and risk factor–
specific TB incidence for all 50 states and the
District of Columbia, we calculated the
number of cases expected to occur in every
state if the risk factor–specific incidence of
TB in that state were lowered to a bench-
mark value (set to the lowest risk factor–
specific TB incidence in California, Texas,
New York, Florida). We began by calcu-
lating the difference between the mean in-
cidence for each risk factor (stratum) in
a comparison state and the mean incidence
for the same stratum and time period in the
benchmark state. We divided this difference
by the mean incidence in the comparison
state to determine the heterogeneity-
reflective proportion (HRP) of incidence in
that state (Equation 1):

We multiplied the number of reported
incident TB cases in each comparison state
by the state- and stratum-specific estimate
of HRP to determine the number of
heterogeneity-reflective cases (HRCs) that
reflected the differences in incidence by
state and stratum. We then summed these
HRCs across all states and strata to provide
a national estimate of the number of recent
TB cases that reflected state-level hetero-
geneity (Equation 2):

ð2Þ

HRCnational

¼
X

HRPstate;stratum�Casesstate;stratum

RESULTS
Figure 1 presents summary TB measures

by population risk factors, 4 benchmark
states, and nationally. Among the 4 states
considered as potential benchmarks, Florida
had the lowest incidence for all non–US-
born populations and for patients with di-
abetes, whereas New York reported the
lowest incidence for homeless, HIV-
positive, and incarcerated populations. In
considering only these 4 states, Texas had
the highest percentage of heterogeneity-
reflective TB incidence among those born in
Europe, the Americas, and Africa at 76%,
37%, and 66% of total TB incidence by risk
factor, respectively. California reported
the highest percentage of heterogeneity-
reflective incidence among Asian-born
populations (22%) and patients with diabetes
(81%). Texas also reported the highest per-
centage of heterogeneity-reflective in-
cidence among populations who were
homeless (90%), incarcerated (76%), and
HIV-positive (61%).

After calculating and converting
heterogeneity-reflective incidence values to
cases for all 50 US states and the District
of Columbia, we estimated that the total
number of heterogeneity-reflective cases
constituted 24% of all TB cases observed

nationwide from 2011 to 2015. The largest
percentage of these cases occurred among
non–US-born individuals (51%) and patients
with diabetes (24%). Approximately 59%
of these heterogeneity-reflective cases oc-
curred in Florida, Texas, New York, or
California. Figures A and B in Appendix A
(available as a supplement to the online
version of this article at http://www.ajph.
org.) illustrate the case distribution by risk
factor by the 4 example states and by all 50

states plus the District of Columbia,
respectively.

DISCUSSION
Advancing toward elimination ofTB in the

United States will require identifying where
substantial progress can be made and applying
innovative solutions targeted to priority pop-
ulations at the state level.11 Understanding the
magnitude of heterogeneity among pop-
ulations at high risk in neighboring or de-
mographically similar states may encourage
state-level TB decision-makers to engage in
discussions about differences in programmatic
efforts to conduct TB testing and treatment in
populations at highest risk for TB disease.

This analysis suggests that 24% of all in-
cident TB cases in the United States—more
than 2200 cases annually—reflect state-level
heterogeneity. To the extent that between-
state differences indicate potential for reducing
TB incidence through targeted efforts, these
results also may suggest the magnitude of
achievable savings. If each case incurs a societal
cost of $44 000 (in 2014 US dollars and not
considering additional costs of multidrug re-
sistance),12 then targeted prevention efforts
could reduce TB treatment costs by approxi-
mately $100 million per year.

These results should be interpreted with
caution given the ecological nature of this
analysis. We used survey data from multiple
sources to estimate population denominators,
and our analysis relied on the study design and
methods of those surveys for accurate esti-
mates. Because we lacked population data on
individuals contributing to multiple risk cat-
egories, our estimate of cases reflecting het-
erogeneity did not account for suchpopulation
overlap. State-level differences in TB in-
cidence among populations at high risk also
may reflect several modifiable and unmodifi-
able factors, aswell as differences in surveillance
definitions among jurisdictions in reporting of
TB risk factors. In the absence of data on the
distributions of these covariates at the state
level, this analysis implicitly assumed that the
distributions of other known TB risk factors
between states were similar (e.g., sex and age).

In summary, we estimate that nearly one
quarter of all incident TB cases in the
United States from 2011 to 2015 reflected
state-level differences in TB incidence

ð1Þ

HRPstate;stratum ¼ Maxð0; Incidencecomparison state;stratum½ � � Incidencebenchmark½state;stratum�Þ
Incidencecomparison½state;stratum�
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among key populations. These estimates
can help target TB prevention efforts at the
state level.
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FIGURE1—MeanTuberculosis Incidenceper100000People,byPopulationRiskFactors, 4ExampleStates,andNationally:UnitedStates,2011–2015
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