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Abstract

Background: Making an accurate prognosis for mortality during tuberculosis (TB) treatment in TB-diabetes (TB-DM)
comorbid patients remains a challenge for health professionals, especially in low TB prevalent populations, due to
the lack of a standardized prognostic model.

Methods: Using de-identified data from TB-DM patients from Texas, who received TB treatment had a treatment
outcome of completed treatment or died before completion, reported to the National TB Surveillance System from
January 2010–December 2016, we developed and internally validated a mortality scoring system, based on the
regression coefficients.

Results: Of 1227 included TB-DM patients, 112 (9.1%) died during treatment. The score used nine characteristics
routinely collected by most TB programs. Patients were divided into three groups based on their score: low-
risk (< 12 points), medium-risk (12–21 points) and high-risk (≥22 points). The model had good performance
(with an area under the receiver operating characteristic (ROC) curve of 0.83 in development and 0.82 in validation),
and good calibration. A practical mobile calculator app was also created (https://oaa.app.link/Isqia5rN6K).

Conclusion: Using demographic and clinical characteristics which are available from most TB programs at the patient’s
initial visits, our simple scoring system had good performance and may be a practical clinical tool for TB health
professionals in identifying TB-DM comorbid patients with a high mortality risk.
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Background
The effect of diabetes mellitus (DM) on the development
and poor outcome of tuberculosis (TB) disease has been
recognized for over a century [1]. While diabetes ranked
7th among the leading causes of death in 2015, TB has
been recognized as a leading cause of the mortality due
to an infectious disease [2, 3]. With the global increase
of obesity and type 2 diabetes, the combination of dia-
betes and tuberculosis (TB-DM) has posed an imminent
public health threat and a challenge to TB control pro-
grams worldwide [4]. In the United State (US), the
prevalence of diabetes has consistently increased from
0.93% in 1958 to 7.40% in 2015 with an estimate of 30.3
million people of all ages (9.4% of the US population)

living with diabetes [5, 6]. This increasing trend of dia-
betes morbidity in the US is concerning especially in US
states (such as Texas) where both the TB and the DM
prevalence are higher than the national average [7, 8].
Given that TB-DM comorbid patients may have a mor-
tality of 2–5 times higher than that of non-diabetic TB
patients [9, 10], more effective management strategies
including the development of predictive models for TB
mortality are urgently needed.
There are a growing number of prognostic models de-

veloped to predict mortality in patients with TB disease.
Many characteristics such as older age, HIV co-infection,
diabetes, alcohol abuse, malnutrition, hypoxemic respira-
tory failure, etc. have been identified as the risk factors
for poor outcomes in TB patients [11–15]. However,
these models were not specifically developed for patients
with TB-DM comorbidity and used hospital-based data
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with variables that are not routinely collected by TB
control programs. The populations of these models
either did not include diabetic patients [11, 12] or only
included a small number of TB-DM patients [13–15].
The lack of a standardized prognostic system specific-

ally developed for TB-DM patients poses a challenge for
health care providers attempting to predict the risk of
mortality during TB treatment in this high-risk group of
patients. The present study aimed to develop and intern-
ally validate a prognostic scoring system using surveil-
lance data with covariates which are routinely collected
by most TB control program and available at the pa-
tient’s initial visits for TB evaluation. This simple scoring
system would be a practical tool helping quickly identify
TB-DM patients having a high risk of death during TB
treatment.

Methods
This retrospective cohort study used the de-identified
data of all confirmed TB patients from the state of Texas
reported to the Centers for Disease Control (CDC)‘s Na-
tional TB Surveillance System (NTSS) between January
2010 through December 2016 (both genotyped and
non-genotyped), who satisfied the following inclusion
criteria: (1) met the clinical case definition or was la-
boratory confirmed based on the CDC definition for
a TB case [16]; (2) received TB treatment and had a
documented outcome of either “completed” or “died”.
Patients having treatment outcomes other than “com-
pleted” or “died” (such as “adverse”, “lost”, “moved”,
“other”, “refused”, or “unknown”) were excluded from
the analyses.
Logistic regression modeling was used to determine

prognostic factors associated with patient mortality.
Variables with a p-value < 0.2 in the univariate analysis
or considered as clinically significant were evaluated fur-
ther in the multiple logistic regression. The variable sec-
tion for the multiple logistic regression model was
conducted according the Bayesian Modeling Averaging
(BMA) method [17, 18]. As our goal was to develop a
model that could be used in the patient’s initial visit
when the Mtb biological confirmation is still not avail-
able, Mtb culture and genotype-related variables were
not evaluated in the multivariable modeling. Model
discrimination was determined by the area under the
Receiver Operating Characteristic (ROC) curve (AUC).
The best model was chosen based on the smallest Bayes-
ian information criterion and highest AUC. The model’s
good calibration was determined by a non-significant
Hosmer-Lemeshow’s goodness of fit test.
Significant risk factors were assigned weighted-points

that were proportional to their β regression coefficient
values. A prognostic score was calculated for each individ-
ual patient in the cohort. The methodology of categorizing

risk groups has been described elsewhere [19, 20]. Briefly,
the patients were categorized in three distinct groups of
mortality risk: low (< 10% mortality), medium (10–20%
mortality), and high risk (> 20% mortality). Internal valid-
ation was conducted using the bootstrap resampling
method with 2000 replications. Model calibration was
evaluated by the Hosmer-Lemeshow goodness-of-fit test.
A non-significant p-value of the Hosmer-Lemeshow
goodness-of-fit test indicates the model has a good cali-
bration (predictive accuracy). The comparison of the AUC
between models was conducted using the chi-square test.
All analyses were performed with Stata MP14.2
(StataCorp LLC, College Station, TX). A p value < 0.05
was considered statistically significant.

Results
Between January 2010 and December 2016, 1400
TB-DM patients in Texas were reported in the National
TB Surveillance System database. After excluding 173
patients who had an outcome other than “completed” or
“died”, 1227 TB-DM patients, who started the TB treat-
ment and had a treatment outcome of completed treat-
ment or died before completion, were included in the
analysis, of whom 1115 completed TB treatment and
112 died (Fig. 1). Except for injecting-drug user (IDU)
(p = 0.01), no other difference was found between the
patients who were included in the analysis and those
who were excluded (Additional file 1: Table S1).
The crude and adjusted associations between charac-

teristics and mortality are presented in Table 1. Nine
variables (age ≥ 65 years, being US-born, being homeless,
IDU, having chronic kidney disease, TB meningitis, mil-
iary TB, positive acid-fast bacilli (AFB) smear, and posi-
tive HIV status) were significant in the multiple logistic
regression model and were included in the risk score
development. The weighted points of risk factors were
calculated using the linear transformation of the corre-
sponding β coefficient (Table 2) [21]. A risk score was
calculated for individual patients using the following
formula:

Risk score ¼ 16� Age≥65½ � þ 5� US−born½ �
þ 11� Homeless½ � þ 20� IDU½ �
þ 20� Chronic kidney failure½ �
þ 20� TB meningitis½ � þ 13� Miliary TB½ �
þ 6� AFB þð Þ smear½ � þ 24� Positive HIV½ �:

There were 776 (63.7%) low-risk, 233 (19.2%) medium
risk and 208 (17.1%) high-risk patients with the mortality
by risk group of 3.1, 12.9 and 27.9%, respectively. The final
model had good discrimination in both development
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(AUC = 0.83 95% CI 0.79, 0.87) and bootstrap validation
(AUC= 0.82 95% CI 0.78, 0.87) (Table 3, Fig. 2). The
model also had a good calibration with a non-significant
Hosmer-Lemeshow chi-square of 4.54 (p = 0.81) and a
small Brier score of 0.07 (Table 3). Patients in the
medium- and high-risk groups had more than a four- and
twelve-fold increased odds of mortality compared with pa-
tients in the low-risk group (Table 4). We also compared
the performance of the current TB-DM specific model
and that of our previously-published mortality predictive
model, which included all confirmed TB patients who
started TB treatment [19]. In TB-DM patients who were
included in this study, the TB-DM specific model had a
significantly higher discrimination power than that of its
predecessor [AUC 0.83 (95% CI 0.79, 0.88) versus 0.76
(0.71, 0.82), p < 0.001] (data not shown).
The predicted probability of death during TB treatment

can be calculated based on the intercept value (− 4.004594)
of the final model and corresponding β coefficients of the
variables included in the risk score, the predicted probabil-
ity of death during TB treatment can be calculated from
the following formula:

Probability for death ¼ expð−4:004594þ 1:579789
� Age≥65½ � þ 0:4946987� US−born½ � þ 1:05767
� Homeless½ � þ 1:980345� IDU½ � þ 1:945451
� Chronic kidney failure½ � þ 1:981255
� TB meningitis½ � þ 1:332084� Miliary TB½ �
þ 0:5537461� AFB−positive smear½ �
þ2:404202� Positive HIV½ �Þ:

Online calculator
We have created a free online application for our risk
score calculator, which can be downloaded from https://
oaa.app.link/Isqia5rN6K and usable on both android and
iOS mobile devices (registration for a free account of

OpenAsApp is required to access the calculator). The
calculator app provides a risk score (in points), risk
group (low, medium or high), and probability of death
(%) during treatment for an individual patient.

Discussion
Using 7 years of TB surveillance data from the state of
Texas, we have developed and internally validated a sim-
ple prognostic score to predict mortality during treat-
ment of TB-DM patients using only nine variables,
which are routinely collected by most TB control pro-
gram at the patients’ initial visits for TB evaluation be-
fore the availability of the Mtb culture. Having good
discrimination and calibration together with the avail-
ability of a calculator mobile app, the scoring system
would be a practical tool for clinicians and public health
professionals to quickly identify the TB-DM patients
who have a high mortality risk without waiting for the
biological confirmation. Our scoring system classifies pa-
tients into three distinctive risk groups, which would be
helpful for health care workers in allocating the appro-
priate medical support and follow-up resources. While
patients of the low-risk group can be managed according
to the routine protocol, TB-DM patients in the high-risk
group would need more aggressive medical support. Al-
though many of our prognostic model’s components are
unmodified characteristics, there are still multiple ap-
proaches that could be carried out to improve patient
survival, especially patients in the high-risk group. Hav-
ing better management of the plasma glucose level is
among the important strategies to reduce the patient’s
mortality as compared with TB patients with controlled
DM. TB patients with uncontrolled DM have more than
4 times the odds for death and 2 times the odds of
non-conversion of sputum cultures after 2 months of in-
tensive treatment [22]. Education on the negative im-
pacts of DM on TB patients as well as guidelines for
changes in diet and physical activity should be provided
to patients and their family so that they can be more

Fig. 1 Flowchart of the study population. NTSS: National Tuberculosis Surveillance System
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compliant with the treatment and actively contribute to
the glucose control improvement [23]. More aggressive
nutritional support would be necessary for high-risk pa-
tients who are residents of long-term care facilities as
these patients are also prone to other potential risk
factors for TB mortality such as old age and under-
nutritional condition [11]. Given that the combination
antiretroviral therapy (cART) could reduce up to 68%
TB-related deaths in TB/HIV co-infected patients [24],
early initiation of cART could be considered in high-risk
patients, who are also HIV positive, although cART is
recommended to be started within 8 weeks of starting
TB treatment if CD4+ level ≥ 50 cells/mm3 [25].

In our scoring system, a positive HIV status, having
chronic kidney failure, TB meningitis, being IDU and
age ≥ 65 years are strong predictors for mortality in
TB-DM patients. These findings are consistent with
current literature for TB patients in general [13, 26–29].
In a previous analysis using US multiple cause-of-

death (MCOD) data from 1990 through 2006, Jung et al.
observed that foreign-born patients had more than twice
the TB-related death rate than that of US-born patients
[30]. Meanwhile, our findings suggest that US-born
TB-DM patients have more than twice the odds of death
compared with foreign-born patients even after control-
ling for older age, homelessness, IDU, alcohol abuse and

Table 1 Characteristics associated with mortality during tuberculosis treatment

Total Completed Deceased Unadjusted OR Adjusted OR Adjusted p

(N = 1227) (n = 1115) (n = 112) (95% CI) (95% CI)

Age≥ 65 (years) 322 (26.2) 260 (23.3) 62 (55.4) 4.08 (2.74, 6.07) 4.85 (3.00, 7.85) < 0.001

Male gender 790 (64.4) 712 (63.9) 78 (69.6) 1.30 (0.85, 1.98)

Race/Ethnicity

White 90 (7.3) 78 (7.0) 12 (10.7) 1.80 (0.93, 3.48)

Black 136 (11.1) 119 (10.7) 17 (15.2) 1.67 (0.95, 2.95)

Hispanic 827 (67.4) 762 (68.3) 65 (58.0) (reference

Asian 164 (13.4) 147 (13.2) 17 (15.2) 1.36 (0.77, 2.38)

Other 10 (0.8) 9 (0.8) 1 (0.9) 1.30 (0.16, 10.44)

US-born 450 (40.0) 396 (38.7) 54 (51.9) 1.70 (1.14, 2.50) 1.64 (1.03, 2.62) 0.04

Homeless 41 (3.3) 33 (3.0) 8 (7.1) 2.52 (1.14, 5.60) 2.88 (1.05, 7.88) 0.04

Inmate in a correctional institution 35 (3.3) 33 (3.4) 2 (2.1) 0.61 (0.14, 2.58)

Resident of long-term care facility 21 (1.7) 14 (1.3) 7 (6.3) 5.24 (2.07, 13.28) 1.50 (0.49, 4.58) 0.47

IDU addicts 15 (1.2) 10 (0.9) 5 (4.5) 5.16 (1.73, 15.38) 7.25 (1.64, 31.98) 0.01

Non-IDU addicts 73 (5.9) 64 (5.7) 9 (8.0) 1.43 (0.69, 2.97)

Excessive alcohol consumption 182 (14.8) 174 (15.6) 8 (7.1) 0.42 (0.20, 0.87) 0.46 (0.20, 1.07) 0.07

Organ transplant receiver 8 (0.7) 7 (0.6) 1 (0.9) 1.43 (0.17, 11.70)

Chronic kidney failure 60 (4.9) 38 (3.4) 22 (19.6) 6.93 (3.93, 12.22) 7.00 (3.59, 13.62) < 0.001

Immunosuppression (medical
condition or medication)

35 (2.9) 30 (2.7) 5 (4.5) 1.69 (0.64, 4.45)

Pulmonary TB 1110 (90.5) 1011 (90.7) 99 (88.4) 0.78 (0.42, 1.45)

TB meningitis 10 (0.8) 7 (0.6) 3 (2.7) 4.36 (1.11, 17.09) 7.25 (1.54, 34.08) 0.01

Miliary TB 33 (2.7) 25 (2.3) 8 (7.1) 3.32 (1.46, 7.55) 3.79 (1.41, 10.21) 0.01

TB-CXR 1084 (88.3) 983 (88.2) 101 (90.2) 1.23 (0.64, 2.36)

Cavitation on CXR 509 (47.0) 479 (48.7) 30 (29.7) 0.44 (0.28, 0.69) 0.69 (0.41, 1.15) 0.15

AFB smear (+) 684 (61.4) 636 (61.6) 48 (58.5) 0.88 (0.56, 1.39) 1.74 (1.01, 2.98) 0.04

Culture (+) 863 (70.3) 799 (71.7) 64 (57.1) 2.52 (1.73, 3.68)

TB case verified by positive culture,
NAA, or AFB smear

1066 (86.9) 964 (86.5) 102 (91.1) 1.60 (0.82, 3.13)

HIV status (+) 23 (1.9) 15 (1.3) 8 (7.1) 7.40 (3.04, 18.03) 11.07 (3.66, 33.46) < 0.001

MDR-TB 10 (0.8) 8 (0.7) 2 (1.8) 2.42 (0.51, 11.54)

Mtb East Asian lineage 128 (13.2) 114 (13.0) 14 (15.2) 1.20 (0.66, 2.20)

CXR chest radiograph, TB-CXR abnormalities on CXR consistent with tuberculosis, MDR-TB Multi-drug resistant TB, NAA Nucleic Acid Amplification; Excessive alcohol
consumption, excessive alcohol consumption in the past 12months; Mtb, Mycobacterium tuberculosis
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HIV infection. Our finding is consistent with the results
reported by Magee et al. in a more recent
population-based study using the state-wide surveillance
data from 2009 to 2012 in Georgia, in which a signifi-
cantly higher mortality in US-born patients was found in
both non-diabetic and diabetic TB patients [31]. The
possible reasons leading to a higher mortality in
US-born than foreign-born TB patients have been dis-
cussed elsewhere [19]. Briefly, foreign-born suspected
TB patients might promptly receive the diagnosis and
aggressive management than the US-born patients as
foreign-birth has been recognized as a strong risk factor
for TB disease by the Texas TB program [32]. Early de-
tection of TB cases among foreign-born persons which

occurs during immigration screening, contact investiga-
tion and targeted testing may also play a role in rela-
tively lowering the mortality risk in foreign-born
patients compare to US-born patients. Lastly, the signifi-
cantly higher proportion of US-born TB cases in Texas
compared to the national average (41.3% versus 31.4% in
2016, p < 0.001) suggests that some US-born patients
may not be timely diagnosed, especially those patients
who do not have a recent history of travelling to high TB
burden countries [33].
The impact of DM-TB on patient mortality was re-

ported inconsistently among studies in different popula-
tions [31, 34]. In one of our previous studies using the
surveillance data of all confirmed TB patients reported
from the state of Texas between 2010 and 2016, the un-
adjusted association between mortality during treatment
and diabetes was not significant (unadjusted odds ratio
[OR] 1.04; 95% confidence interval [95% CI] 0.74, 1.47;
p = 0.82) [19]. However, this unadjusted OR was ob-
tained from only half of the study sample and might
underestimate the impact of diabetes on the mortality. A
more recent trend analysis using the entire data of the
same population suggested that TB-DM patients had a
higher mortality (10.3%) than non-DM patients (7.6%,
p = 0.001) with nearly a 3-fold increase in the odds of
overall death (adjusted OR 2.75; 95% CI 1.40, 5.39; p =
0.003) and death during TB treatment (adjusted OR 2.43;
95% CI 1.13, 5.23; p = 0.023). Additionally, while non-dia-
betic TB patients had a significant decrease in the mortal-
ity from 2010 to 2016, the mortality trend in TB-DM
patients is unchanged overtime and consistently higher
than that of non-diabetic patient (z = 3.05, p = 0.002) [35].
Although there is an increasing number of TB mortal-

ity risk scores being developed, we are not aware of a
scoring system that is specific for the TB-DM population.

Table 3 Prognostic score performance in patients with complete data for multivariate model (N = 1113)

Risk group n (%) Score, mean (±SD) Mortality % (n) P Value*

Low-risk group (< 12 points) 776 (63.7%) 4.8 (±3.8) 3.1% (24) < 0.001

Medium-risk group (12–21 points) 233 (19.2%) 17.3 (±2.3) 12.9% (30)

High-risk group (≥22 points) 208 (17.1%) 27.7 (±7.3) 27.9% (58)

All patients with complete data (N = 1217) 1217 (100%) 11.1 (±10.0) 9.2% (112)

Discrimination assessment

AUC (95% CI), final model in development 0.83 (0.79, 0.87)

AUC (95% CI), final model in bootstrap validation 0.82 (0.78, 0.87)

Calibration assessment

Hosmer-Lemeshow test Chi-square = 4.54, p = 0.81

Brier score 0.07

Abbreviation: SD standard deviation, AUC Receiver Operating Characteristic (ROC) curve
Score range: [0–68]; Comparisons of mortality between risk groups were conducted using Chi-square test; *Overall p-value. A p < 0.01 was also found for all pairwise
comparisons among groups (i.e. low-risk vs. medium-risk, low-risk vs. high-risk and medium-risk vs. high-risk groups)
Brier score: ranged from 0 to 1, the lower the Brier score is, the better the model is calibrated; Hosmer-Lemeshow test: non-significant p-value indicates the model
is well calibrated

Table 2 Weighted score assignment

Variable β coefficient Adjusted OR
(95% CI)

P Value Weighted
Points

Age≥ 65 (years) 1.58 4.85 (3.00, 7.85) < 0.001 16

US-born 0.49 1.64 (1.03, 2.62) 0.04 5

Homeless 1.06 2.88 (1.05, 7.88) 0.04 11

IDU 1.98 7.25 (1.64, 31.98) 0.01 20

Chronic kidney
failure

1.95 7.00 (3.59, 13.62) < 0.001 20

TB meningitis 1.98 7.25 (1.54, 34.08) 0.01 20

Miliary TB 1.33 3.79 (1.41, 10.21) 0.01 13

Positive AFB
smear

0.55 1.74 (1.01, 2.98) 0.04 6

Positive HIV 2.40 11.07 (3.66, 33.46) < 0.001 24

Weighted points of a risk factor were calculated using a linear transformation
of the corresponding β coefficient [divided by the smallest β coefficient (0.49,
US-born), multiplied by a constant (5), and rounded to the nearest integer] [21]
Risk score = 16*[Age ≥ 65] + 5*[US-born] + 11*[Homeless] + 20*[IDU] +
20*[Chronic kidney failure] + 20*[TB meningitis] + 13*[Miliary TB] + 6*[AFB-
positive smear] + 24*[Positive HIV]
IDU injecting-drug user, AFB acid-fast bacilli
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In the TB mortality scoring systems presented by Horita
(2013) and Pefura-Yone (2017), TB-DM patients were not
included [11, 12]. In the prognostic models presented by
Lui (2014), Nagai (2016), and Bastos (2016), only a small
number of TB-DM patients were included in the study
samples (ranged from n = 74 to n = 84) [13–15]. As these
models used hospital-based data, many variables in these
models such as respiratory failure requiring oxygen, serum
albumin, activity of daily living, dehydration, hypoxemic
respiratory failure, orientation disturbance, etc. are not
routinely collected by TB programs. Using demographic
and clinical characteristics in TB-DM patients, which are
available for most TB program, our TB-DM mortality
model is more practical and can be used in difference
health care and public health settings. Although we have
previously developed a mortality risk model including all
patients staring TB treatment which has been shown to
have a good overall diagnostic performance (AUC 0.82 in
development and 0.80 in validation) in all presentations of
TB in general [19], the model’s AUC decreases to 0.76 in
TB-DM patients. When the variable selection was specif-
ically calibrated for TB-DM patients, our new TB-DM
specific predictive model provided a more accurate prog-
nosis in the TB-DM population.
Our risk model has several notable limitations. First,

the study excluded 233 patients who died at the diagno-
sis or had a treatment outcome of other than “died” or
“completed”, which may be prone to potential misclassi-
fication bias. However, except for having a higher pro-
portion of IDUs, the excluded patients had no other

significant differences in the demographic and clinical
characteristics compared with the included patients.
Therefore, the misclassification bias, if any, would be
minimal. Second, given our goal was using only the data
routinely collected by the most TB programs, informa-
tion regarding the diabetes treatment, lipid profiles and
HbA1c were not evaluated in our model. Despite the
lack of DM-specific variables, the model can still cor-
rectly discriminate the risk of mortality in most of the
cases with an AUC of 0.83. Third, as our scoring system
was developed in the US, external validation in settings
of high TB burden would be necessary. Fourth, the use
of surveillance data itself has some limitations. For ex-
ample, certain self-reported data were obtained from
interviewing TB patients which leads to a possibility that
recall bias cannot be completely ruled out. Treatment
failure or relapse were not well defined in the dataset.
Treatment time and time to event data were not avail-
able and prevent us from performing more robust sur-
vival analyses. As our primary goal was to develop a
predictive model for death during TB treatment, mortal-
ity prior to starting TB treatment has been excluded.
Therefore, our findings may not reflect the overall mor-
tality in TB-DM patients. Lastly, as Texas is one of the
US states with a high TB burden, external validation in
populations in different US states would also be needed.
Despite the limitations, there are several strengths

making our prognostic score distinct: (1) using population-
based surveillance data of the entire state of Texas during
7 years; (2) including exclusively TB-DM patients with a
large sample size; (3) using demographic and clinical char-
acteristics which are routinely collected by most TB pro-
grams from the initial patient visits, our model can be used
to identify the TB-DM with high mortality risk before hav-
ing the biological confirmation for Mtb; (4) having good
discrimination in both development and bootstrap internal
validation (AUC= 0.83 and 082, respectively) and good cali-
bration; and (5) providing a simple scoring system with the
available of a mobile app for easily calculating the predicted
probability of death during TB treatment.

Conclusions
Using demographic and clinical characteristics variables
which are routinely collected by most TB programs from
the initial patient visits, our simple scoring system can
be used without waiting for the Mtb biological result
and achieves good discrimination and calibration with
the internal validation. With the free calculator app
compatible with android and iOS mobile devices, the
score would be a practical clinical tool for TB health
professionals in identifying TB-DM comorbid patients
who have high mortality risk so that appropriate ap-
proaches would be implemented to improve the pa-
tient outcomes.

Fig. 2 Area under the ROC curve, final model. ROC: Receiver Operating
Characteristic curve

Table 4 Odds ratios for death, by risk group

Risk group OR (95% CI) P Value

Low-risk group (< 12 points) (reference)

Medium-risk group (12–21 points) 4.63 (2.65, 8.10) < 0.001

High-risk group (≥22 points) 12.12 (7.30, 20.12) < 0.001
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Additional file 1: Table S1. Demographic and clinical characteristics of
the study population compared with those excluded from the analyses.
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Abbreviations
AFB: Acid-fast bacilli; AUC: Area under the Receiver Operating Characteristic
curve; BMA: Bayesian modeling averaging; cART: Combination antiretroviral
therapy; CDC: Centers for disease control; DM: Diabetes mellitus; IDU: Injecting-
drug user; MCOD: Multiple cause-of-death; NTSS: National TB Surveillance
System; ROC: Receiver operating characteristic; TB: Tuberculosis; TB-
DM: Tuberculosis-diabetes; US: United State

Acknowledgements
The authors acknowledge the selfless work of public health officials and staff
at the City of Houston Bureau of Tuberculosis Control, Houston Department
of Health & Human Services, Harris County Public Health, TB Elimination
Program, Texas Department of State Health Services and the US Centers
for Disease Control that made the data available for use in this analysis.

Funding
None

Availability of data and materials
Data are available on CDC TBGIMS (https://www.cdc.gov/tb/programs/
genotyping/tbgims/) to standard users.

Authors’ contributions
Concept of study (DTN, EAG), study design (DTN, EAG), acquisition of data
(DTN, EAG), data analysis (DTN), and writing/revising the manuscript (DTN,
EAG). Both authors read and approved the final manuscript.

Ethics approval and consent to participate
As this analysis used the retrospective de-identified surveillance data, ethics
approval and consent to participate were not required.

Consent for publication
Not applicable

Competing interests
The authors declare that they have no competing interests.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Received: 22 June 2018 Accepted: 18 December 2018

References
1. Dooley KE, Chaisson RE. Tuberculosis and diabetes mellitus: convergence of

two epidemics. Lancet Infect Dis. 2009;9(12):737–46.
2. National Vital Statistics Reports: Deaths: Final Data for 2015. Available at

https://www.cdc.gov/nchs/data/nvsr/nvsr66/nvsr66_06.pdf. Accessed on 03/
06/2018. 2017, 66(6).

3. World Health Organization (WHO): Global tuberculosis report 2017. Available
at http://www.who.int/tb/publications/global_report/en/. Accessed on 03/
19/2018. 2018 .

4. Al-Rifai RH, Pearson F, Critchley JA, Abu-Raddad LJ. Association between
diabetes mellitus and active tuberculosis: a systematic review and meta-
analysis. PLoS One. 2017;12(11):e0187967.

5. Centers for Disease Control and Prevention (CDC): National Diabetes
Statistics Report, 2017. Estimates of Diabetes and Its Burden in the United
States. Available at https://www.cdc.gov/diabetes/pdfs/data/statistics/
national-diabetes-statistics-report.pdf. Accessed on 03/06/2018.

6. Centers for Disease Control and Prevention (CDC): Long-term Trends in
Diabetes. April 2017. Available at https://www.cdc.gov/diabetes/statistics/
slides/long_term_trends.pdf. Accessed on 03/06/2018.

7. Texas Department of State Health Services: Diabetes Trend Data - Texas and
US. Available at https://www.dshs.texas.gov/diabetes/PDF/data/
DiabetesTrendData2017.pdf. Accessed on 03/01/2018.

8. Restrepo BI, Camerlin AJ, Rahbar MH, Wang W, Restrepo MA, Zarate I, Mora-
Guzman F, Crespo-Solis JG, Briggs J, McCormick JB, Fisher-Hoch SP. Cross-
sectional assessment reveals high diabetes prevalence among newly-diagnosed
tuberculosis cases. Bull World Health Organ. 2011;89(5):352–9.

9. Baker MA, Harries AD, Jeon CY, Hart JE, Kapur A, Lonnroth K, Ottmani SE,
Goonesekera SD, Murray MB. The impact of diabetes on tuberculosis
treatment outcomes: a systematic review. BMC Med. 2011;9:81–7015-9-81.

10. Faurholt-Jepsen D, Range N, PrayGod G, Jeremiah K, Faurholt-Jepsen M,
Aabye MG, Changalucha J, Christensen DL, Grewal HM, Martinussen T,
Krarup H, Witte DR, Andersen AB, Friis H. Diabetes is a strong predictor of
mortality during tuberculosis treatment: a prospective cohort study among
tuberculosis patients from Mwanza, Tanzania. Tropical Med Int Health. 2013;
18(7):822–9.

11. Horita N, Miyazawa N, Yoshiyama T, Sato T, Yamamoto M, Tomaru K, Masuda M,
Tashiro K, Sasaki M, Morita S, Kaneko T, Ishigatsubo Y. Development and
validation of a tuberculosis prognostic score for smear-positive in-patients in
Japan. Int J Tuberc Lung Dis. 2013;17(1):54–60.

12. Pefura-Yone EW, Balkissou AD, Poka-Mayap V, Fatime-Abaicho HK, Enono-
Edende PT, Kengne AP. Development and validation of a prognostic score
during tuberculosis treatment. BMC Infect Dis. 2017;17(1):251–017-2309-9.

13. Nagai K, Horita N, Sato T, Yamamoto M, Nagakura H, Kaneko T. Age,
dehydration, respiratory failure, orientation disturbance, and blood pressure
score predicts in-hospital mortality in HIV-negative non-multidrug-resistant
smear-positive pulmonary tuberculosis in Japan. Sci Rep. 2016;6:21610.

14. Bastos HN, Osorio NS, Castro AG, Ramos A, Carvalho T, Meira L, Araujo D,
Almeida L, Boaventura R, Fragata P, Chaves C, Costa P, Portela M, Ferreira I,
Magalhaes SP, Rodrigues F, Sarmento-Castro R, Duarte R, Guimaraes JT,
Saraiva M. A prediction rule to stratify mortality risk of patients with pulmonary
tuberculosis. PLoS One. 2016;11(9):e0162797.

15. Lui G, Wong RY, Li F, Lee MK, Lai RW, Li TC, Kam JK, Lee N. High mortality in
adults hospitalized for active tuberculosis in a low HIV prevalence setting.
PLoS One. 2014;9(3):e92077.

16. Tuberculosis Case Definition for Public Health Surveillance, CDC
Tuberculosis Surveillance Data Training, Report of Verified Case of
Tuberculosis (RCT), June 2009. Available at https://www.cdc.gov/tb/
programs/rvct/instructionmanual.pdf. Accessed 05 Jan 2018.

17. Wasserman L. Bayesian model selection and model averaging. J Math Psychol.
2000;44(1):92–107.

18. Dunson DB, Herring AH. Bayesian model selection and averaging in additive
and proportional hazards models. Lifetime Data Anal. 2005;11(2):213–32.

19. Nguyen DT, Graviss EA. Development and validation of a prognostic
score to predict tuberculosis mortality. J Infect. 2018;77(4):283–90. Epub
2018 Apr 9.

20. Nguyen DT, Jenkins HE, Graviss EA. Prognostic score to predict mortality
during TB treatment in TB/HIV co-infected patients. PLoS One. 2018;13(4):
e0196022.

21. Rassi A, Rassi A, Little WC, Xavier S, Rassi S, Rassi AG, Rassi GG, Hasslocher-
Moreno A, Sousa AS, Scanavacca MI. Development and validation of a risk
score for predicting death in Chagas' heart disease. N Engl J Med. 2006;
355(8):799–808.

22. Yoon YS, Jung JW, Jeon EJ, Seo H, Ryu YJ, Yim JJ, Kim YH, Lee BH, Park YB,
Lee BJ, Kang H, Choi JC. The effect of diabetes control status on treatment
response in pulmonary tuberculosis: a prospective study. Thorax. 2017;72(3):
263–70.

23. Riza AL, Pearson F, Ugarte-Gil C, Alisjahbana B, van de Vijver S, Panduru NM,
Hill PC, Ruslami R, Moore D, Aarnoutse R, Critchley JA, van Crevel R. Clinical
management of concurrent diabetes and tuberculosis and the implications
for patient services. Lancet Diabetes Endocrinol. 2014;2(9):740–53.

24. Podlekareva DN, Panteleev AM, Grint D, Post FA, Miro JM, Bruyand M, Furrer H,
Obel N, Girardi E, Vasilenko A, Losso MH, Arenas-Pinto A, Cayla J, Rakhmanova
A, Zeltina I, Werlinrud AM, Lundgren JD, Mocroft A, Kirk O. HIV/TB study group:
short- and long-term mortality and causes of death in HIV/tuberculosis
patients in Europe. Eur Respir J. 2014;43(1):166–77.

25. Panel on Antiretroviral Guidelines for Adults and Adolescents: Guidelines for
the Use of Antiretroviral Agents in Adults and Adolescents Living with HIV.
Department of Health and Human Services. Available at: http://www.
aidsinfo.nih.gov/ContentFiles/AdultandAdolescentGL.pdf. Assessed on 03/
01/2018. 2018.

Nguyen and Graviss BMC Infectious Diseases           (2019) 19:10 Page 7 of 8

https://doi.org/10.1186/s12879-018-3632-5
https://www.cdc.gov/tb/programs/genotyping/tbgims/
https://www.cdc.gov/tb/programs/genotyping/tbgims/
https://www.cdc.gov/nchs/data/nvsr/nvsr66/nvsr66_06.pdf
http://www.who.int/tb/publications/global_report/en
https://www.cdc.gov/diabetes/pdfs/data/statistics/national-diabetes-statistics-report.pdf
https://www.cdc.gov/diabetes/pdfs/data/statistics/national-diabetes-statistics-report.pdf
https://www.cdc.gov/diabetes/statistics/slides/long_term_trends.pdf
https://www.cdc.gov/diabetes/statistics/slides/long_term_trends.pdf
https://www.dshs.texas.gov/diabetes/PDF/data/DiabetesTrendData2017.pdf
https://www.dshs.texas.gov/diabetes/PDF/data/DiabetesTrendData2017.pdf
https://www.cdc.gov/tb/programs/rvct/instructionmanual.pdf
https://www.cdc.gov/tb/programs/rvct/instructionmanual.pdf
http://www.aidsinfo.nih.gov/ContentFiles/AdultandAdolescentGL.pdf
http://www.aidsinfo.nih.gov/ContentFiles/AdultandAdolescentGL.pdf


26. Cruz-Hervert LP, Garcia-Garcia L, Ferreyra-Reyes L, Bobadilla-del-Valle M,
Cano-Arellano B, Canizales-Quintero S, Ferreira-Guerrero E, Baez-Saldana R,
Tellez-Vazquez N, Nava-Mercado A, Juarez-Sandino L, Delgado-Sanchez G,
Fuentes-Leyra CA, Montero-Campos R, Martinez-Gamboa RA, Small PM,
Sifuentes-Osornio J, Ponce-de-Leon A. Tuberculosis in ageing: high rates,
complex diagnosis and poor clinical outcomes. Age Ageing. 2012;41(4):488–95.

27. Reis-Santos B, Gomes T, Horta BL, Maciel EL. The outcome of tuberculosis
treatment in subjects with chronic kidney disease in Brazil: a multinomial
analysis. J Bras Pneumol. 2013;39(5):585–94.

28. Negin J, Abimbola S, Marais BJ. Tuberculosis among older adults--time to
take notice. Int J Infect Dis. 2015;32:135–7.

29. Lee HG, William T, Menon J, Ralph AP, Ooi EE, Hou Y, Sessions O, Yeo TW.
Tuberculous meningitis is a major cause of mortality and morbidity in
adults with central nervous system infections in Kota Kinabalu, Sabah,
Malaysia: an observational study. BMC Infect Dis. 2016;16:296–016-1640-x.

30. Jung RS, Bennion JR, Sorvillo F, Bellomy A. Trends in tuberculosis mortality
in the United States, 1990-2006: a population-based case-control study.
Public Health Rep. 2010;125(3):389–97.

31. Magee MJ, Foote M, Maggio DM, Howards PP, Narayan KM, Blumberg HM,
Ray SM, Kempker RR. Diabetes mellitus and risk of all-cause mortality
among patients with tuberculosis in the state of Georgia, 2009-2012. Ann
Epidemiol. 2014;24(5):369–75.

32. Texas Department of State Health Services: Epidemiology and Supplemental
Projects Group. Texas TB Surveillance Annual Report 2016. Austin, TX; 2017.
Available at: https://www.dshs.texas.gov/IDCU/disease/tb/statistics/
TBSurveillanceReport.pdf. Accessed on 05/04/2018.

33. Centers for Disease Control and Prevention (CDC): Reported Tuberculosis in
the United States, 2016. Available at: https://www.cdc.gov/tb/statistics/
reports/2016/pdfs/2016_Surveillance_FullReport.pdf. Accessed on 03/10/
2018. 2017.

34. Abdelbary BE, Garcia-Viveros M, Ramirez-Oropesa H, Rahbar MH, Restrepo BI.
Tuberculosis-diabetes epidemiology in the border and non-border regions
of Tamaulipas, Mexico. Tuberculosis (Edinb). 2016;101S:S124–34.

35. Nguyen DT, Graviss EA: Trends of diabetes and associated mortality in
tuberculosis patients in Texas, a large population-based analysis. 5th Texas
Tuberculosis Research Symposium, El Paso, United States, 2/9/18.[abstract].

Nguyen and Graviss BMC Infectious Diseases           (2019) 19:10 Page 8 of 8

https://www.dshs.texas.gov/IDCU/disease/tb/statistics/TBSurveillanceReport.pdf
https://www.dshs.texas.gov/IDCU/disease/tb/statistics/TBSurveillanceReport.pdf
https://www.cdc.gov/tb/statistics/reports/2016/pdfs/2016_Surveillance_FullReport.pdf
https://www.cdc.gov/tb/statistics/reports/2016/pdfs/2016_Surveillance_FullReport.pdf

	Abstract
	Background
	Methods
	Results
	Conclusion

	Background
	Methods
	Results
	Online calculator

	Discussion
	Conclusions
	Additional file
	Abbreviations
	Acknowledgements
	Funding
	Availability of data and materials
	Authors’ contributions
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Publisher’s Note
	References

