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ABSTRACT

Background Development of a prediction model using baseline characteristics of tuberculosis (TB) patients at the time of diagnosis will aid us

in early identification of the high-risk groups and devise pertinent strategies accordingly. Hence, we did this study to develop a

prognostic-scoring model for predicting the death among newly diagnosed drug sensitive pulmonary TB patients in South India.

Methods We undertook a longitudinal analysis of cohort data under the Regional Prospective Observational Research for Tuberculosis India

consortium. Multivariable cox regression using the stepwise backward elimination procedure was used to select variables for the model

building and the nomogram-scoring system was developed with the final selected model.

Results In total, 54 (4.6%) out of the 1181 patients had died during the 1-year follow-up period. The TB mortality rate was 0.20 per 1000

person-days. Eight variables (age, gender, functional limitation, anemia, leukopenia, thrombocytopenia, diabetes, neutrophil–lymphocyte ratio)

were selected and a nomogram was built using these variables. The discriminatory power was 0.81 (95% confidence interval: 0.75–0.86) and

this model was well-calibrated. Decision curve analysis showed that the model is beneficial at a threshold probability ∼15–65%.

Conclusions This scoring system could help the clinicians and policy makers to devise targeted interventions and in turn reduce the TB

mortality in India.
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Introduction

Although significant progress has been achieved in disease
control activities, tuberculosis (TB) continues to be a global
public health threat.1 According to the Global TB report
2020, 14 million people had access to adequate TB care in
2018 and 2019, a rise from 6.4 million in 2017. There has
also been a substantial drop in TB-related deaths in 2018,
compared with 2017. Despite the furtherance, the numbers
fall far short of what is needed to reach the target of End
TB strategy. With over 10 million people falling ill in 2019 for
TB, it still stands as one of the top infectious killer diseases
worldwide.2

Ever since the establishment of the Revised National
Tuberculosis Control Program (RNTCP), now National
TB Elimination Program (NTEP), India has ensured better
planning, implementation and evaluation of TB prevention,
diagnosis and treatment services. Along with advancements
in diagnostics (Xpert MTB/RIF), efforts to improve the com-
pliance such as fixed dose combination regimens and newer
monitoring mechanisms like 99-DOTS, has considerably
reduced the mortality rate among the TB patients.3 However,
the program still faces several challenges such as lack of
funding, poor access to health resources (infrastructure,
testing facilities, drug availability), stigmatization, poverty and
lack of compliance.3 Early identification, proper treatment
and follow-up can aid us in progressing our steps toward
achieving end TB targets by 2035.4–6 Although the NTEP
has expanded TB treatment coverage over years, very little
progress has been made in improving the success of TB
treatment outcomes.7

Previous studies have identified several sociodemographic,
behavioral, anthropometric and hematological factors as
potential predictors of mortality during TB treatment.8–10

Older age, previous TB treatment, smoking, alcohol use,
comorbidities such as HIV, diabetes mellitus (DM), conges-
tive heart failure, liver cirrhosis, hematological abnormalities
such as anemia, high neutrophil–lymphocyte ratio (NLR) have
been shown to be associated with increased mortality among
TB patients during and post-treatment.9–11 The extent to
which these predictors impact TB deaths is largely region
specific.8,10,11 Several studies exploring models for predicting
multidrug resistance, disease transmission among household
contacts and treatment failure are available from varied study
settings.4,12–14

Nevertheless, work supporting the development of a pre-
diction model for examining the mortality for drug-sensitive
TB patients has not previously been attempted in an Indian
setting. Furthermore, developing a prediction model using
baseline sociodemographic, behavioral, anthropometric and

hematological characteristics will aid us in early identification
of the high-risk groups and devise pertinent strategies to
reduce the risk of death among newly diagnosed TB patients.
Hence, we aimed to develop a statistical prediction model to
predict the probability of death within 1-year of TB diagnosis
among newly diagnosed drug sensitive pulmonary TB patients
in Puducherry and Tamil Nadu, South India.

Methods

Study setting and study population

Data was obtained from an ongoing longitudinal study
conducted under the Regional Prospective Observational
Research for Tuberculosis (RePORT)-International consor-
tium.15 It embodies regional observational cohorts in the
following sites: India, China, Brazil, Philippines, South Africa
and Indonesia.15 In India, five teams are participating in
data and specimen collection process. Jawaharlal Institute
of Postgraduate Medical Education and Research (JIPMER)
along with the Boston Medical Center and New Jersey Medical
University-Rutgers University is one of these teams that has
developed two set of prospective observational cohorts. The
first cohort with active TB patients recruited from 2014 to
2018 were included in our analysis.

TB patients were recruited from the tuberculosis units
(TU) of the following three districts in South India: (i)
Pondicherry—one TU (Puducherry), (ii) Villupuram—two
TUs (Tamil Nadu) and (iii) Cuddalore—two TUs (Tamil
Nadu). TU acts a central point of data collection, whereas
the designated microscopy center and peripheral health
institutions are responsible for diagnosing the cases and
service delivery. The eligibility criteria for inclusion into
the study was newly diagnosed sputum smear-positive TB
patients aged ≥6 years. The patients with who had previous
history of TB, who were on treatment for 1 week or more
and those with multidrug-resistant TB were excluded as per
RePORT study protocol. The detailed study protocol has
been described previously.16,17

Study procedure

Ethical approval was obtained from the JIPMER Scientific
Advisory Committee and Institutional Ethics Committee
of JIPMER, and Institutional Review Boards at New Jersey
Medical University-Rutgers University and Boston Medical
Center. Data collection was initiated after obtaining informed
written consent from adult participants (≥18 years) and
assent form in addition to parents’ consent from participants
< 18 years. Pretested semi-structured questionnaire was
used to gather the sociodemographic details of the partic-
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ipants including age (elderly defined as ≥60 years), gender,
occupation (employed/unemployed), marital status (never-
married/married/separated/widowed/divorced), Bacille
Calmette–Guerin (BCG) vaccination history, behavioral
characteristics such as self-reported smoking and alcohol use
and anthropometric measurements such as height, weight,
body mass index (BMI). Karnofsky score was assessed to
determine the functional status of the patients at the time
of recruitment into the study. We also obtained details
related to DM, which was defined as random blood sugar
> 200 mg/dl or self-reported DM. Hematological assessment
was performed to identify anemia, low white blood cell
(WBC) count, low platelet count and high NLR.

After the baseline assessment, the patients were followed-
up at the end of intensive phase (2 months after treatment ini-
tiation) and continuation phase (6 months after treatment ini-
tiation) to check for unfavorable treatment outcomes such as
treatment failure (bacteriological and clinical), treatment not
complete, lost to follow-up and death. Then, the patients were
further followed-up monthly till the end of 1-year follow-up
period after TB diagnosis to assess the adverse treatment out-
comes including death. In total, 1274 patients were recruited
into the cohort during the study period. Out of these, data
from 1185 patients were used in this model, as the rest of
the patients had missing information among the included
variables and outcomes.

Operational definitions

Underweight

BMI was used to classify the study participants as underweight
(≤18.50 kg/m2) based on Asia-Pacific guidelines.18

Karnofsky score

A score ≥ 80 was considered as normal, whereas score <80
were considered to have some form of functional impair-
ment.19

Anemia

Participants with hemoglobin count <12 g/dl among females
and <13 g/dl among males were considered as having ane-
mia.20

Leukopenia

Participants with WBC count <4000 cells/μml were consid-
ered as having leukopenia.21

Thrombocytopenia

Participants with platelet count <150 000 cells/μml were
considered as having thrombocytopenia.22

High NLR

Participants with NLR ≥5 were considered as having high
NLR.23

One-year mortality

Participants who have died of any cause from the date of
diagnosis (T0) till the end of 1-year follow-up period (T365).

Statistical analysis

All analyses were performed using STATA software version
14.2 (College Station, TX: StataCorp LP). Descriptive analysis
was performed by summarizing the continuous variables as
mean and standard deviation (SD) and categorical variables
as proportions. Bivariate analysis was performed using chi-
square test for all the baseline characteristics with the 1-year
mortality outcome. The entire dataset was randomly split into
training and validation set at 8:2 ratio. We developed the
prediction model for identifying the patients with risk of 1-
year mortality among the newly diagnosed cases using training
set. The model was built using the following 14 variables: age,
gender, occupation, marital status, BCG vaccination, Karnof-
sky score, BMI status, smoking, alcohol use, DM, anemia,
leukopenia, thrombocytopenia, high NLR, as these variables
were presumed to be ones that would be easily available to
the NTEP.

Since we had a time-to-event outcome, we performed sur-
vival analysis to develop our prediction model. Measurement
of survival time was in days between the date of TB diagnosis
(T0) and the date of end of the follow-up (T365) or the event
of interest (death). Participants who were lost to follow-up
before the end of 1-year were ‘censored’ till their last seen
time. First, we declared the dataset as survival data using ‘stset’

command package. Then, multivariable cox regression anal-
ysis was performed using the stepwise backward elimination
procedure to select the variables for the model building with
an entry P-value of 0.20 and stay P-value of 0.10. We have
set a higher stay P-value threshold to give priority for clinical
reasoning in the selection of variables along with the statis-
tical significance.24 In the final selected model, proportional
hazards assumption was checked using the statistical test and
graphical plot diagnostics based on the scaled Schoenfeld
residuals. P-value >0.05 in Schoenfeld test (global and indi-
vidual) and random pattern of the residuals over time in
the plot is indicative of satisfaction of proportional hazards
assumption.25 Prediction of mortality by each variable in the
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final model were interpreted as adjusted hazard ratio (aHR)
with 95% confidence interval (CI).

We constructed a nomogram-scoring system to present
the final selected model.26 Receiver Operator Characteristic
(ROC) analysis was performed to estimate the area under the
curve or c-statistic and determine the optimal cut-off of our
scoring system. Log rank test and Kaplan–Meier plot was
performed to determine the difference in survival probability
between the patients having higher or lower scores based on
the obtained optimal cut-off. ROC analysis was also used to
explain the discriminatory capacity of the prediction model
(how well the model can differentiate between the TB patients
who died and those who survived at the end of 1 year).
Calibration of the model was performed using ‘stcoxcal’ com-
mand package. Calibration plot was made to check whether
the model calibrates well and no significant deviation from
450 line of perfect fit. The slope, intercept and joint slope
and intercept was tested against null hypothesis (i.e. intercept
equals 0, slope equals 1), providing evidence for the linear cal-
ibration. P value >0.05 is indicative of adequate calibration.27

Both discrimination and calibration analysis were re-run with
validation set. Decision curve analysis was performed to quan-
tify the net benefits at various threshold probabilities in our
study cohort, which in turn determines the clinical usefulness
of the final predictor model. The net benefit was estimated by
subtracting percentage of participants with the false-positive
results with the percentage of participants with the true-
positive results and by weighing hazard ratio of the prediction
model compared with the adverse effects of an unnecessary
application of the prediction model.28

Population attributable fraction (PAF) was calculated for
the modifiable risk factors in the selected model such as ane-
mia, leukopenia, thrombocytopenia and functional limitation.
Two kinds of PAF were calculated. First, PAF+1 indicates
PAF for each of the risk factors, assuming that every partic-
ipant in the study changes only one of the above-mentioned
modifiable risk factors from ‘baseline scenario’ (observed
exposure rate) to ‘fantasy scenario’ (all the participants do not
have exposure to either anemia or leukopenia or thrombocy-
topenia or functional limitation). Second, PAFALL indicates
the total modifiable PAF, assuming that every participant in
the study changes all the modifiable risk factors from baseline
to fantasy scenario. The analysis of PAF was performed using
the ‘punafcc’ postestimation command package following the
final cox regression model.29

Results

Mean (SD) age of the study population was 43.9 (14.6)
years (Table 1). Out of the 1181 patients, 54 (4.6%; 95%CI:

3.4–5.9%) had died during the 1-year follow-up period. Total
time at risk was 270 425 days. The rate of TB mortality was
0.20 deaths per 1000 person days (or) 72.8 deaths per 1000
person-years.

Development of predictor model

Stepwise backward cox-regression model in the training set
has selected eight variables collected during the baseline
assessment (age group, gender, Karnofsky score, DM status,
anemia, leukopenia, thrombocytopenia and high NLR) and
the final model was run with these variables (Table 2).

Global and local Schoenfeld test showed nonsignificant
P values (>0.05) and the plot showed a random pattern of
residuals for all the variables indicating the satisfaction of pro-
portional hazard (PH) assumption (Supplementary Fig. S1).

Nomogram-scoring system

The prediction model was presented as a nomogram (Fig. 1),
which could be used conveniently to predict the 1-year mor-
tality.

Each of the eight variables included in predictive models
were arranged one-by-one on a horizontal plane with its
scoring system, ranging from 0 to 10, at the bottom. Gender,
Karnofsky score, leukopenia and thrombocytopenia had the
widest range of individual scores. The overall score can then
be obtained by the summation of these individual scores, can
then be used against the total score axis. Total score ranged
from 0 to 60 and each of the components had following
scores (in descending order):

Functional impairment (Karnofsky score)–10 points,
Male gender–9.7 points,
Leukopenia–8.4 points,
Thrombocytopenia–8 points.
High NLR–7.6 points,
Absence of DM–5.6 points.
Anemia–5.5 points,
Elderly age group–5.2 points,
The optimal cut-off for this scoring system was found

to be 32 points. The rate of TB mortality was 0.51 deaths
per 1000 person days (or) 186.1 deaths per 1000 person-
years among patients with score ≥ 32 points, whereas the
patients with score < 32 points had TB mortality rate of
0.06 deaths per 1000 person days (or) 21.9 deaths per 1000
person years (Supplementary Fig. S2) and this difference was
statistically significant. This indicates that the TB patients
having score ≥ 32 points at the start of treatment have 7.6-
times higher rate of having 1-year mortality compared with
patients with score <32 points.

https://academic.oup.com/jpubhealth/article-lookup/doi/10.1093/pubmed/fdac087#supplementary-data
https://academic.oup.com/jpubhealth/article-lookup/doi/10.1093/pubmed/fdac087#supplementary-data
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Table 1 Sociodemographic, behavioral, anthropometric, hematological characteristics and treatment outcomes of the study participants (N = 1181)

Sl no. Characteristics Frequency Death in each subgroup

n (%)a n (%)b

1 Age categories, in years

<60 998 (84.5) 37 (3.7)

≥60 183 (15.5) 17 (9.3)

2 Gender

Female 261 (22.1) 3 (1.1)

Male 920 (77.9) 51 (5.5)

3 BMI categoryc

Underweight (<18.50) 720 (61.0) 44 (6.1)

Normal (18.50–22.99) 350 (29.6) 10 (2.9)

Overweight (23.00–24.99) 63 (5.3) 0 (0.0)

Obesity (≥25.00) 48 (4.1) 0 (0.0)

4 Marital status

Currently married 855 (72.4) 39 (4.6)

Never married 213 (18.0) 6 (2.8)

Widowed/Divorced/Separated 113 (9.6) 9 (8.0)

5 Employment status

Unemployed/Student/Housewife 296 (25.1) 13 (4.4)

Employed 885 (74.9) 41 (4.6)

6 Smoking statusd

Nonsmoker 887 (75.1) 33 (3.7)

Smoker 294 (24.9) 21 (7.1)

7 Alcohol used

Alcohol user 691 (58.5) 42 (6.1)

Nondrinker 490 (41.5) 12 (2.4)

8 Karnofskyd

Able to carry normal activity and work 339 (28.7) 3 (0.9)

Unable to work, able to live at home 842 (71.3) 51 (6.1)

9 DM status

Present 367 (31.1) 8 (2.2)

Absent 814 (68.9) 46 (5.6)

10 BCG vaccination history

Present 1054 (89.3) 51 (4.8)

Absent 127 (10.7) 3 (2.4)

11 Anemiae

Present 830 (70.3) 48 (5.8)

Absent 351 (29.7) 6 (1.7)

12 Leukopenia (WBC < 4000 cells/μml)

Present 30 (2.5) 4 (13.3)

Absent 1,151 (97.5) 50 (4.3)

13 Thrombocytopenia (platelet < 150 000 cells/μml)

Present 18 (1.5) 3 (16.7)

Absent 1,163 (98.5) 51 (4.4)

14 NLR (≥5)

Present 523 (44.3) 41 (7.8)

Absent 658 (55.7) 13 (2.0)

15 Died within the 1-year follow-up period (total)

Yes 54 (4.6)

No 1,127 (95.4)

Column percentage; Row percentage; Asia-Pacific guidelines for obesity; Self-reported by the participants; Hemoglobin <12 g/dl (females) and <13 g/dl

(males)
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Table 2 Multivariable Cox regression developed from prediction model using the stepwise backward technique among the study participants

Characteristic aHR SE 95% CI P-value

1 Age category

<60 (Ref.)

≥60 2.19 0.66 1.22–3.95 0.009

2 Gender

Female (Ref.)

Male 4.36 2.61 1.34–14.11 0.01

3 Karnofsky

Able to carry normal

activity and work

(Ref.)

Unable to work, able to

live at home

4.48 2.69 1.38–14.52 0.01

4 DM status

Absent (Ref.)

Present 0.42 0.16 0.20–0.90 0.02

5 Anemia

Present 2.30 1.01 0.97–5.44 0.06

Absent (Ref.)

6 Leukopenia

Present 3.54 1.87 1.25–9.99 0.02

Absent (Ref.)

7 Thrombocytopenia

Present 3.32 1.99 1.02–10.80 0.04

Absent (Ref.)

8 High NLR

Present 3.18 1.04 1.68–6.04 <0.001

Absent (Ref.)

Effect measurements—aHR with its standard error (SE), 95% CI and corresponding P-value—from predictive model. Bold values indicate P-value is

statistically significant.

Discrimination and calibration

The discriminatory power (c-index) of the predictor model
for unfavorable outcomes was 0.81 (95%CI: 0.75–0.86)
(Fig. 2A). The validation set had c-index of 0.75 indicating
good discriminatory capacity of the model (Fig. 2B). Calibra-
tion plot for the proposed model in training and validation
set was depicted in the Figure 3A and B. The test for slope,
intercept and joint slope and intercept had P-value >0.05 in
the final model and validation set indicating that there was no
significant departure from a perfect fit between the observed
and predicted probability of events.

Decision curve analysis

Figure 4 shows decision curve analysis for the model. It
showed that the model is beneficial at a threshold probability
∼15–65% than either treat-none or treat-all strategies. All the
variables in the prediction model are already obtained during
the baseline assessment of TB patients. There is no additional
cost or risk involved in obtaining any of the information in the

model. Hence, the model can be beneficial for application in
clinical setting for better decision making.

PAF

PAF+1 estimate was highest for functional limitation
(73.3%) indicating that 73.3% of the observed mortality was
attributable to the functional limitations among the newly
diagnosed TB patients in our study followed by anemia
(50.2%), leukopenia (5.3%) and thrombocytopenia (3.9%).
PAFALL for total modifiable risk factors was 84.5% indicating
that more than four in five of the observed 1-year mortality
was attributable to the four modifiable risk factors in our
study population.

Discussion

Main findings of this study

We conducted this study as a public health and clinical
contribution to the low–middle-income countries with an
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Fig. 1 Nomogram for predicting survival probability among TB patients.

Fig. 2 ROC curve for predicting survival using the model developed from the study cohort. (A) Final model. (B) Validation set.

easy-to-apply and inexpensive prediction tool using baseline
characteristics, to identify the TB patients with higher
likelihood of dying within 1-year of diagnosis. Hence, our
study explored the potential socioeconomic, behavioral,
anthropometric, hematological characteristics as predictors
of 1-year mortality among TB patients in Puducherry and
Tamil Nadu. Of the 1181 patients, 4.6% had died during the
1-year follow-up period, and the TB mortality rate was 0.20
deaths per 1000 person-days. In the present study, we found

that elderly, male gender, functional impairment, anemia,
leukopenia, thrombocytopenia, absence of DM and high
NLR were predictors of 1-year mortality.

What is already known

Our study had a lower mortality rate compared with previous
studies in South India,30 but it is far higher than the World
Health Organization or the NTEP targets. The National
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Fig. 3 Calibration of the predicted model for survival among TB patients. (A) Final model (B) Validation set.

Fig. 4 Decision curve analysis for the predicted model.

Strategic Plan (NSP) 2017–25 has put forth aggressive tar-
gets toward TB elimination in India that emphasizes a four-
pronged approach (Detect-Treat-Prevent-Build).31 This calls
for a need to understand the predictors for mortality among
the pulmonary TB cohort, so that focused interventions can
be delivered. A successful TB treatment outcome and survival
in any country is a factor of patient characteristics, effective-
ness and coverage of treatment programs.

The factors identified in our study were supported by
several studies in varied study settings.23,32,33 Mortality
among TB patients are influenced by several sociodemo-
graphic, behavioral, clinical and genetic characteristics. The
effect of sociodemographic and behavioral influence on the
treatment is a complex phenomenon.34 These factors, by
interacting with each other, finally affect the outcome directly
or indirectly.35,36 We also had a contradictory finding that the
presence of DM is protective from TB mortality. However,
similar protective finding or no association between DM

and mortality among TB patients was found in previous
studies.37–39 Hence, there is a need for further investigation
exploring this possible protective effect of DM.

We tried to explore the mechanism behind biological plau-
sibility of the role of hematological abnormalities in the
prediction of TB mortality based on previous literature. First,
anemia was identified as a predictor for TB mortality, which
was consistent with the previous study findings.40–43 Pos-
sible mechanisms could be the consequence of iron redis-
tribution that are known to occur during the anemia of
inflammation. The loading and sequestration of the iron in
the macrophages where the TB resides and replicates may
both facilitate the acquisition of iron required for the growth
and inhibit the cellular defense systems.44–46 This promotes
a shift from the Th1 to Th2 cytokine responses, reducing
cytotoxic activity of the macrophages, preventing the inter-
feron gamma-mediated defense mechanism and ultimately
blocking the nitric oxide-dependent bactericidal activity.47,48

Next, leukopenia and high NLR was identified as a predictor
for TB mortality, which was also reported by previous evi-
dences.49 In TB context, WBC count is mainly reflective of
the neutrophil count as the marker of persistent inflamma-
tion or the failure to clear bacteria.50 Sustained inflammation
has been expressed as impairment of TB-specific immune
responses and marker for active disease.51 Previous studies
have also highlighted the role of higher neutrophils, lower
lymphocytes, in the severity of TB condition.52,53 Therefore,
the hypothesis in our cohort that the patients with lower
baseline WBC and higher NLR have higher risk of mortality
holds. Finally, thrombocytopenia was identified as a predictor,
which was also reported by previous evidences.54 The possi-
ble mechanism behind this factor could be the accumulation
of platelets in the pulmonary lesions, thereby inhibiting the
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T-cell responses and replication of TB in macrophages.55

Hence, lower levels of platelets can cause adverse clinical
outcomes in TB patients.

What this study adds

The model, through the nomogram, will help the policy
makers in addressing challenges with regard to the modifi-
able predictors identified like, functional limitation (highest
attributable fraction) and low blood counts. Removal of these
modifiable risk factors has shown to reduce the 1-year mor-
tality by more than three-fourth among our study population.
Functional rehabilitation to limit the extent of functional
impairment and various nutrition improvement strategies to
improve the blood counts can be provided to these target
groups. Hence, steps to tackle the burden of these issues
(preferably, community-based approach) has to work hand-in-
hand with the clinical follow-up of high probability mortality
risk TB patients.

Almost all the predictors identified in our study are rou-
tinely collected during the NTEP except the assessment of
functional impairment. The nomogram created in our study
will, thus, help the clinicians in identifying the probability of
survival from the baseline characteristics of the patient at the
diagnostic stage of the TB care cascade itself. Presence of
certain vital sociodemographic, behavioral and hematological
predictors at the start treatment might alarm the clinicians
to have a tailored follow-up, thereby decreasing such adverse
outcome later. Therefore, similar accurate prognosis assess-
ment using such nomograms can help doctors identify those
patients who might have higher chances of death in the later
part of treatment follow-up. A checklist can be created under
the NTEP using the nomogram of our study. This checklist
can be applied to the patient at the point of diagnosis itself,
and patients scoring high on this checklist should undergo
active monitoring and close follow-up. The developed nomo-
gram can be tested and used in the TB clinics around the
country for further fine tuning of the scoring system and
the predicted probabilities. The same can be used in raising
awareness among the general population. External validation
of the model in a different cohort is necessary for the approval
of this model application in the clinical practice.

In addition, future research should focus on what needs to
be done for TB patients scoring high in any severity scoring
systems (including our nomogram). One intervention that has
been broadly used for patients suspected to develop severe
condition or at risk of mortality is the corticosteroids.56

The use of broad-acting corticosteroids such as prednisone
or dexamethasone has been found to bring about a bal-
ance between insufficient inflammation and immunopathol-

ogy (major factor determining the TB severity and deaths).57

Previous meta-analysis conducted using 41 trials have also
shown that use of steroids has reduced the TB mortality by
17%.58 Several other host-directed therapies are also under
development, and such research needs to be intensified as
the identification of high-risk patients alone will not reduce
the mortality rate without having an effective intervention for
these target group patients.56

Strengths and limitations of the study

Our study is one among the very few studies that has devised a
prediction model to foresee mortality risk in newly diagnosed
TB patients from India. The strength of our model is that the
many of these factors are already being collected routinely by
the program as compared with other microbiological, phar-
macological or genetic approaches to predict such adverse
treatment outcomes. Thus, this prediction model is a major
advantage to the resource-constrained settings as it is cheap
and the data is widely available.

Our study has certain limitations. First, prediction of mor-
tality risk in TB needs to account for regional variations in
TB epidemiology for generalizability. Hence, determining if
this model is applicable to other regions requires further eval-
uation. Secondly, we included only certain sociodemographic,
behavioral and hematological characteristics into the model.
Some clinical variables including radiological findings, drug
resistance, delay in initiation of treatment and comorbidities
were not included in the analysis due to limitation in the
availability of data during the study period. In addition, our
study sample was dominated by the employed, middle-aged,
males, with a heavy burden of comorbidities like DM and
anemia. Patients with Karnofsky score <10 (i.e. moribund
patients) were excluded from the study sample. These factors
might have influenced the final nomogram model. Third,
although the predictive performance was internally validated
within the cohort, external validation is not done due to
limitation in the data availability. However, since this is an
ongoing research program, we will try to apply this model in
a later cohort and externally validate the model. Finally, we
have excluded nearly 90 participants from the total sample
as they had missing information among predictor variables
and outcome. However, there was no significant difference
in terms of the baseline characteristics among these excluded
sample.
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