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Abstract 
Tuberculosis (TB) remains a global and national public health concern, with mortality 

posing a significant challenge in treatment programs. The aim of this study was to develop 

a simple risk-scoring system to predict mortality among TB patients and assess its 

applicability in resource-limited settings. Data from TB patient registries in Phichit 

Province, Thailand, covering from January 1, 2017, to December 31, 2020, were used. 

Eligible participants were aged ≥18 years, having completed treatment or death. A risk 

score was developed and internally validated using logistic regression. Coefficients were 

used to assign weighted points to predictors and applied to a validation cohort to assess 

diagnostic performance. The performance was evaluated by generating a receiver 

operating characteristic (ROC) curve. The study included 2,196 participants, randomly 

allocated into derivation (n=1,600) and validation (n=596) cohorts. The risk score 

included Charlson Comorbidity Index scores (1–2 points and ≥3 points) and TB 

meningitis. It showed an area under ROC curve (AuROC) of 74.34% (95%CI: 

70.80–77.88%) with good calibration (Hosmer-Lemeshow χ2: 0.53; p= 0.97). Positive 

likelihood ratios for low (≤3) and high (≥6) risk were 1.06 (95%CI: 1.03–1.09) and 31.62 

(95%CI: 7.23–138.37), respectively. In the validation cohort, AuROC was 79.50% (95%CI: 

74.40–84.60%), with 75% and 100% certainty in low- and high-risk groups. In conclusion, 

this simple risk score, using routine data and two predictors, can predict mortality in TB 

patients. It may aid clinicians in planning appropriate care strategies.  Nevertheless, the 

tool should undergo external validation before being implemented in clinical practice. 

Keywords: Mortality, tuberculosis, risk score, prediction, screening tool 

Introduction 

Tuberculosis (TB) remains a formidable public health challenge at the global and national levels. 

As stated in the 2018 report published by the World Health Organization (WHO), the prevalence 

of TB cases reaches an alarming figure of approximately 10 million, corresponding to a rate of 132 

individuals per 100,000 population [1]. Within this cohort, a staggering 1.2 million deaths result 

from TB cases unrelated to human immunodeficiency virus (HIV), while TB cases compounded 

with HIV infection account for 251,000 deaths, constituting a substantial 33% of all HIV-
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associated mortalities [1]. Thailand has been designated as one of the 14 countries internationally 

burdened by the intersection of TB and HIV infection, as recognized by the WHO [1]. During 

2016, Thailand experienced a collective count of 70,114 newly reported and recurring incidents of 

TB. An analysis of the gathered data unveiled a noteworthy outcome, indicating that a substantial 

portion of the afflicted individuals, precisely 82.9%, successfully achieved recuperation, whereas 

the mortality rate reached an alarming 8.1% [2]. TB patients in Phichit province have a high 

mortality rate of up to 17%, exceeding the national target of no more than 5% [2]. 

Several factors have consistently been associated with an increased risk of mortality among 

individuals with active TB. These factors include advanced age, male, delays in diagnosis and 

treatment, drug resistance, and the presence of comorbidities such as HIV co-infection, diabetes, 

renal disease, and chronic obstructive pulmonary disease (COPD) [3-7]. Existing mortality 

prediction models often rely on variables requiring specialized diagnostics, such as chest X-rays, 

sputum culture, or advanced laboratory markers such as cluster of differentiation 4 (CD4) count 

or sputum gene Xpert [7], which may be inaccessible in resource-limited settings. Treating TB 

patients requires the administration of multiple anti-TB drugs, which may cause severe adverse 

reactions, including hepatotoxicity [8,9], thereby significantly increasing the risk of mortality. 

Close monitoring of TB patients is essential. While TB treatment follows WHO recommendations 

[2], the decision regarding hospitalization for the initial two weeks or outpatient treatment from 

the start depends on the treating physician's discretion and available resources. The aim of this 

study was to develop a simple and practical risk-scoring system using routine clinical data to 

predict mortality in TB patients, enabling real-time risk stratification and supporting physicians 

in devising appropriate care strategies, particularly in resource-limited settings.  

Methods 

Setting  

The study was conducted at hospitals in Phichit Province due to the high TB mortality rate in the 

region, using secondary data from the National Tuberculosis Information Program (NTIP) from 

January 1, 2017, to December 31, 2020. This study followed the Transparent Reporting of a 

multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD) Statement  

(see Underlying data). 

Study population  

Eligible subjects were new cases or relapsed TB patients diagnosed by clinicians following the TB 

practice guidelines established by WHO [2,10]. The follow-up schedule for patients involves an 

initial appointment at two weeks, followed by subsequent visits every 1 to 2 months, depending 

on the patient's condition and the physician's discretion. The final follow-up is scheduled at the 

conclusion of the treatment period, which extends for up to six months or until the attending 

physician confirms treatment completion. The inclusion criteria for this study consisted of 

patients who were 18 years of age or older and had either completed the treatment or experienced 

death as their outcome. Completed treatment was defined as TB patients diagnosed and treated 

according to the WHO guidelines having at least one negative sputum smear result during the 

course of treatment, and the final sputum smear result at the end of treatment is negative [2]. 

Patients who lost to follow-up and multidrug-resistant tuberculosis (MDR-TB) were excluded 

from the study. The study included a total of 2,196 patients who were then randomly divided into 

two groups: the derivation cohort, consisting of 1,600 patients, and the validation cohort, 

consisting of 596 patients. This approach ensures that the model is trained on a sufficiently large 

sample while still having an independent dataset for performance assessment. A common 

practice in predictive modeling is to allocate approximately 70–80% of the data for derivation 

and 20–30% for validation, which aligns with the distribution used in this study [11]. 

Study design and data collection  

This retrospective cohort study sought to devise a simple screening tool that can precisely predict 

mortality among individuals with TB. The study utilized the NTIP to collect demographic 

information, clinical data, and laboratory data for the enrolled participants. The NTIP is a 
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nationwide TB database that collects medical records from hospitals across Thailand. It serves as 

a vital tool for monitoring and managing the disease across the country. The NTIP gathers data 

from various healthcare facilities involved in TB diagnosis, treatment, and prevention. This 

includes both public and private hospitals, as well as primary care units and community-based 

programs. The data encompasses demographic information, clinical characteristics, laboratory 

results, treatment outcomes, and other relevant details about TB patients. The Bureau of 

Tuberculosis, under the Ministry of Public Health of Thailand, is responsible for the overall 

management and maintenance of the NTIP system. They ensure data quality, security, and 

confidentiality, as well as provide training and support to healthcare personnel involved in data 

entry and utilization. Access to the NTIP data is restricted and controlled to protect patient 

privacy and confidentiality. Only authorized personnel, such as healthcare professionals, 

researchers, and public health officials, can request access to the data for specific purposes, such 

as research, program evaluation, and policy development. 

Statistical analyses   

Categorical data was presented in terms of frequencies and percentages, whereas continuous data 

was presented as the mean and standard deviation. Statistical significance was determined using 

two-tailed p-values, with a threshold of p<0.05. All statistical analyses were performed using 

STATA software, version 16 (StataCorp LLC, Texas, USA). 

Model development  

Variables with potential influence on the outcome were identified and integrated into the model 

development process. The extracted data encompassed the following aspects: (1) demographic 

information encompassing age, sex, and weight (kg); and (2) clinical data encompassing 

registration type (new case, relapse, treatment after loss of follow-up, treatment after failure, and 

others), HIV infection status, TB type (intrapulmonary, extrapulmonary, or both), and 

comorbidities. The identification of comorbidities relied on the 2016 version of the International 

Classification of Diseases 10th revision (ICD-10), using codes J44.0-J44.9 (for chronic 

obstructive pulmonary disease), N18.0-N18.9 (for chronic kidney disease (CKD)), K70.1-K77.8 

(for liver disease), and E10.0-E14.9 (for diabetes mellitus). Each patient in the study population 

was assigned a Charlson comorbidity index (CCI) score (see Underlying data), quantifying the 

level of underlying comorbidity at the time of diagnosis. The CCI scores were categorized as 0,  

1–2, and ≥3 [12], and laboratory data encompassed sputum acid-fast bacillus (AFB) testing. 

Through univariable logistic regression, a comparison was made between the identified 

variables for TB patients who died and those who completed treatment. The findings were 

summarized using odds ratios (ORs), 95% confidence intervals (95%CIs), and p-values. Variables 

with a p-value <0.2 or determined to be clinically significant were chosen for the subsequent 

multivariable stepwise logistic regression analysis [13]. Variables with a p-value below 0.05 were 

deemed eligible for incorporation into the model. Significant variable coefficients from the 

multivariable analysis were weighted and transformed into item scores by dividing each 

regression coefficient by the smallest one in the model and then rounding to the nearest integer 

[14,15]. To assess the discriminative performance of the prediction score created, a receiver 

operating characteristic (ROC) curve was generated and a Hosmer-Lemeshow goodness of fit test 

was performed [16]. Threshold scores were selected to categorize TB patients into three risk 

groups: low, moderate, and high risk of mortality. Sensitivity, specificity, positive predictive value 

(PPV), negative predictive value (NPV), positive likelihood ratio (LR+), and negative likelihood 

ratio (LR-) were computed [17,18].   

Model validation  

For internal validation, this study used a simple split method in which the dataset was split into 

derivation and validation cohorts at random in a 3:1 ratio. Missing data was handled using 

complete-case analysis. The performance and accuracy of the score were assessed by replicating 

the evaluation conducted in the derivation cohort using the validation cohort. The validation 

cohort was used to validate the score, and its performance was evaluated by generating an ROC 

curve.  
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Results 

Characteristics of TB patients 

Among the initial cohort of 2,350 TB patients, 154 individuals (6.6%) exhibited outcomes other 

than completion or death (see Underlying data). Consequently, the final analytical sample was 

composed of 2,196 patients, within which 399 individuals (18.2%) experienced mortality during 

treatment (Figure 1). A comprehensive overview of the general characteristics of the TB patient 

cohort is presented in Table 1. Among the 2,196 patients included in the analysis, the mean age 

was 56.7 years, with 35.3% of patients aged 65 years or older, and a substantial majority of 70.9% 

comprising male individuals. The average weight was recorded as 51.1 kg, and a minority of 3.2% 

weighed 35 kg. Diabetes mellitus emerged as the most prevalent comorbid condition within the 

study population. 

 

 

 

 

 

 

 

 

 

 

 
Figure 1. Flowchart of the study populations. 

Predictors of mortality in TB patients 

The results of the univariable analysis conducted on the derivation cohort, indicating the presence 

of eight predictors associated with mortality, are presented in Table 2. These predictors included 

age ≥65 years (OR: 3.01; 95%CI: 2.32–3.91, p<0.001), weight <35 kg (OR: 1.87; 95%CI:  

1.03–3.39; p=0.039), COPD (OR: 2.29; 95%CI: 1.26–4.15; p=0.006), CKD (OR: 2.74; 95%CI: 

1.53–4.89; p=0.001), liver disease (OR: 6.71; 95%CI: 2.53–17.77; p<0.001), positive HIV status 

(OR: 1.25; 95%CI: 1.14–1.39; p<0.001), TB meningitis (OR: 14.52; 95%CI: 5.71–36.93; p<0.001), 

and CCI ≥3 points (OR: 2.30; 95%CI: 1.33–3.99; p=0.003). 

Model development 

The final model retained two variables, CCI and TB meningitis, and the scoring system for 

predicting mortality in TB patients involved assigning points to each factor during the calculation 

process. These factors included the CCI with 1–2 points (assigned a value of 1 for "yes" and 0 for 

"no"), CCI with ≥3 points (assigned a value of 3 for "yes" and 0 for "no"), and the presence of TB 

meningitis (assigned a value of 4 for "yes" and 0 for "no"). The points assigned to each factor were 

determined based on the weighted coefficients, and they were rounded to the nearest whole 

number. This process yields the corresponding assigned scores, as indicated in Table 3.  The 

final multivariable analysis identifies CCI scores and TB meningitis as significant predictors of 

mortality in TB patients. Higher CCI scores (≥1) and the presence of TB meningitis were strongly 

associated with increased mortality risk. TB meningitis had the highest impact, as indicated by 

its largest coefficient. Based on these findings, a weighted risk score was developed, assigning 1 

point for CCI (1–2), 3 points for CCI (≥3), and 4 points for TB meningitis, allowing for effective 

risk stratification using routine clinical data. 

Derivation cohort (1,600 patients) Validation cohort (596 patients) 

487 patients 
completed TB 

treatment 
 

109 patients 
died 

 

1,310 patients 
completed TB 

treatment 

290 patients 
died 

 

2,350 TB patients registered for treatment in 

Phichit Hospital and Community Hospitals 

in Phichit Province from January 1, 2017 to 

December 31, 2020 

 

154 patients with outcomes 

other than "completed" or 

"died" (16 still undergoing 
treatment, 104 lost to follow-

up, 31 drug-resistant TB, 3 
diagnoses changed) 2,196 patients entered the analysis 
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Table 1. Clinical and demographic characteristics of tuberculosis (TB) patients (n=2,196) 

Characteristics All patients (n=2,196) Derivation cohort (n=1,600) Validation cohort (n=596) 
n (%) Dead (n=290) Completed (n=1,310) Dead (n=109) Completed (n=487) 

n (%) n (%) n (%) n (%) 
Age, mean ± standard deviation (SD) 56.7±16.8 64.4±16.2 55.0±16.4 65.0±15.9 54.8±16.5 

≥65 years 774 (35.3) 165 (56.9) 399 (30.5) 62 (56.9) 148 (30.4) 

65 years 1,422 (64.7) 125 (43.1) 911 (69.5) 47 (43.1) 339 (69.6) 

Sex       
Male 1,556 (70.9) 206 (71.0) 935 (71.4) 73 (67.0) 342 (70.2) 
Female  640 (29.1) 84 (29.0) 375 (28.6) 36 (33.0) 145 (29.8) 

TB type      
Intrapulmonary 1,872 (85.3) 246 (84.8) 1,123 (85.7) 90 (82.6) 413 (84.8) 
Extrapulmonary 304 (13.8) 39 (13.5) 177 (13.5) 18 (16.5) 70 (14.4) 
Both 20 (0.9) 5 (1.7) 10 (0.8) 1 (0.9) 4 (0.8) 

Type of register      
New 1,960 (89.3) 252 (86.9) 1,172 (89.5) 94 (86.2) 442 (90.8) 
Relapse 177 (8.1) 29 (10.0) 107(8.2) 11 (10.1) 30 (6.2) 
Treatment after loss of follow-up 29 (1.3) 6 (2.1) 14 (1.1) 1 (0.9) 8 (1.6) 
Treatment after failure 12 (0.5) 1 (0.3) 7 (0.5) 0 4 (0.8) 
Other 18 (0.8) 2 (0.7) 10 (0.8) 3 (2.8) 3 (0.6) 

Weight (kg), mean±SD 51.1±11.0 48.6±12.3 51.7±10.9 47.9±10.5 51.7±10.4 
<35 kg. 70 (3.2) 16 (5.1) 40 (3.1) 5 (4.6) 9 (1.9) 

COPD 72 (3.3) 17 (5.9) 35 (2.8) 7 (6.4) 13 (2.7) 
CKD 71 (3.2) 19 (6.6) 33 (2.5) 8 (7.3) 11 (2.3) 
Liver disease 27 (1.2) 10 (3.5) 8 (0.6) 9 (8.3) 0 (0.00) 
DM 295 (13.4) 46 (15.9) 170 (13.0) 20 (18.4) 59 (12.1) 
HIV status (+) 203 (9.2) 43 (14.8) 103 (7.9) 17 (15.6) 40 (8.2) 
AFB smear (+) 942 (42.9) 131 (45.2) 537 (41.01) 45 (41.3) 229 (47.0) 
TB meningitis 32 (1.5) 18 (6.2) 6 (0.5) 6 (5.5) 2 (0.4) 
CCI scores      

0 493 (22.5) 22 (7.6) 338 (25.8) 4 (3.7) 129 (26.5) 
1–2 809 (36.8) 67 (23.1) 518 (39.5) 24 (22.0) 200 (41.1) 

3 894 (40.7) 201 (69.3) 454 (34.7) 81 (74.3) 158 (32.4) 

AFB: Acid-fast bacillus; CCI: Charlson comorbidity index; CKD: chronic kidney disease; COPD: chronic obstructive pulmonary disease; DM: diabetes mellitus; HIV: human 
immunodeficiency virus  
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Table 2. Univariable analysis of risk factors associated with death in tuberculosis (TB) patients 

(n=1,600) 

Variable Derivation cohort (n=1,600) 
Odds ratio 95% confidence interval p-value 

Age ≥65 years 3.01 2.32–3.91 <0.001 
Male  0.98 0.74–1.30 0.908 
Extrapulmonary TB* 1.13 0.82–1.55 0.458 
Relapse TB infection 1.26 0.81–1.94 0.294 
Weight <35 kg. 1.87 1.03–3.39 0.039 
COPD 2.29 1.26–4.15 0.006 
CKD 2.74 1.53–4.89 0.001 
Liver disease 6.71 2.53–17.77 <0.001 
DM 1.26 0.88–1.80 0.204 
HIV status (+) 1.25 1.14–1.39 <0.001 
AFB smear (+) 1.07 0.90–1.27 0.455 
TB meningitis 14.52 5.71–36.93 <0.001 
CCI scores    

1–2 points 1.45 0.81–2.62 0.214 
≥3 points 2.30 1.33–3.99 0.003 

AFB: acid-fast bacillus; CCI: Charlson comorbidity index; CKD: chronic kidney disease; COPD: chronic 
obstructive pulmonary disease; DM: diabetes mellitus; HIV: human immunodeficiency virus 
*Reference group is intrapulmonary TB 
 

The risk scoring system was established by determining the threshold through the analysis 

of the discrimination plot and the performance of parameters, allowing for the identification of 

patients at risk of mortality. Cutoff scores of 3 and 6 were chosen to classify patients into three 

risk categories: low-risk (≤3 points), moderate-risk (4–5 points), and high-risk (≥6 points). The 

high-risk group correctly predicted death in 87.5% of TB patients. Predicting the presence of 

death exhibited moderate accuracy (PPV of 87.5%). In the low-risk group, patients without death 

were accurately identified in 75.0% of cases. Excluding the presence of death demonstrated 

moderate accuracy (NPV of 75.0%). The correct prediction rate for the presence or absence of 

death was (1,304+14)/(1,576+16)=82.8%. The incorrect prediction rate was 

(272+2)/(1,576+16)=17.2% (Table 4). With this scoring system and the two cutoff points, the 

score effectively differentiated between patients with and without death, demonstrating good 

validity (AuROC: 74.34%; 95%CI: 70.80–77.88%) (Figure 2A) and a well-calibrated predictive 

model (Hosmer-Lemeshow χ2: 0.53; p=0.97). 

Table 3. Multivariable analysis and risk score for death in tuberculosis (TB) patients 

Predictors  Coefficient 95%CI Transformed coefficients Assigned score 
Charlson comorbidity index (CCI) 

1–2 points 0.67 0.17–1.18 1 1 
≥3 points 1.89 1.43–2.36 2.81 3 

TB meningitis 2.54 1.56–3.53 3.78 4 
CI: confidence interval 

 

 

 

 

 

 

 

Figure 2. Receiver operator characteristic (ROC) curve of the scoring system in predicting death 
in tuberculosis patients. (A) derivation cohort (n=1,600); and (B) validation cohort (n=596). 

A B 
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Table 4. Distribution of risk of death in tuberculosis patients, diagnostic performance and 

interpretation in derivation cohort (n=1,600) 

Derivation (n=1,600) Low 
(score ≤3) 

Moderate 
(score 4–5) 

High 
(score ≥6) 

Total 

Total 1,576 8 16 1,600 
Completed 1,304 4 2 1,310 
Dead 272 4 14 290 

Diagnostic performance      
Sensitivity  99.54%  4.83%  
Specificity  6.21%  99.85%  
Positive predictive value  82.74%  87.50%  
Negative predictive value 75.00%  82.58%  
Accuracy 82.62%  82.62%  

Likelihood ratio (+) 1.06  
(95%CI: 1.03–1.09) 

 31.62  
(95%CI: 7.23–138.37) 

 

Likelihood ratio (-) 0.07  
(95%CI: 0.03–0.18) 

 0.95  
(95%CI: 0.93–0.98) 

 

Interpretation  Absence of death 
(75.00% certainty) 

 Presence of death  
(87.50% certainty) 

 

Model validation 

The ROC curve demonstrated similarities between the derivation and validation cohorts, with 

AuROC values of 74.34% (95%CI: 70.80–77.88%) and 79.50% (95%CI: 74.40–84.60%), 

respectively (Figure 2). In the high-risk group, TB patients were consistently predicted to have 

mortality, achieving a high predictive accuracy of 100% (PPV of 100%). In the low-risk group, the 

absence of death was correctly identified in 75.0% of patients, indicating a moderate accuracy in 

predicting survival (NPV of 75.0%). The overall accuracy in predicting the presence or absence of 

death was calculated as (485+4)/(588+4), resulting in an accuracy rate of 82.4%. Conversely, the 

error rate was calculated as (103+0)/(588+4), yielding an error rate of 17.4% (Table 5). The 

association between the risk score and the probability of death, with higher scores associated with 

increased mortality risk is presented in Figure 3.  

Table 5. Distribution of risk of death in tuberculosis patients, diagnostic performance and 

interpretation in validation cohort (n=596) 

Validation (n=596) Low 
(score ≤3) 

Moderate 
(score 4–5) 

High 
(score ≥6) 

Total  

Total 588 4 4 596  
Completed 485 2 0 487  
Dead 103 2 4 109  

Diagnostic performance       
Sensitivity  99.59%  3.67%   
Specificity  5.50%  100.00%   
Positive predictive value  82.48%  100.00%   
Negative predictive value 75.00%  82.26%   
Accuracy 82.38%  82.38%   

Likelihood ratio (+) 1.05  
(95%CI: 1.01–1.10) 

 -   

Likelihood ratio (-) 0.07  
(95%CI: 0.02–0.36) 

 0.96  
(95%CI: 0.93–1.00) 

  

Interpretation  Absence of death 
(75.00% certainty) 

 Presence of death 
(100.00% certainty) 

  

Discussion 
This study provides evidence of the effectiveness of the TB mortality risk score in predicting 

mortality in TB patients. This study created and verified a prognostic scoring system for TB 

mortality, utilizing two frequently accessible demographic and clinical characteristics collected 

during a patient's initial healthcare facility visit. Consequently, our scoring model enables the 

timely provision of the patient's death prognosis to clinicians and healthcare workers. Through 

the utilization of the model's three risk groups—low, moderate, and high-risk groups—clinicians 

and healthcare workers gain access to a dependable and user-friendly tool for guiding treatment 

decisions, delivering essential medical support, and allocating follow-up resources, including 
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prompt treatment and intensified medical support. All TB patients require timely initiation of 

standard treatment in accordance with national and WHO guidelines [2]. High-risk patients 

necessitate the highest level of care, including immediate hospitalization, intensive monitoring, 

and enhanced medical support. Moderate-risk patients can derive advantages from vigilant 

monitoring and timely intervention to prevent the worsening of their health status. TB patients 

classified as low-risk should receive treatment and management following established protocols. 

 

 

 

 

 

 

 

 

 

 

Figure 3. Percentage of predicting death in tuberculosis patients by risk score. 

The final model utilized CCI scores and TB meningitis as predictor variables. The threshold 

value was established through the evaluation of specificity, sensitivity, accuracy, positive 

likelihood ratio, and negative likelihood ratio. Patients were classified into three categories, 

namely low-risk (score ≤3), moderate-risk (score 4 to 5), and high-risk (score ≥6), according to 

their TB mortality risk score. Importantly, the score demonstrated strong predictive capability in 

assessing mortality. The CCI score was originally utilized to assess the likelihood of death in 

hospitalized patients within a one-year duration. Since the study utilized retrospective data, CCI 

scores were determined based on patients' baseline characteristics without tracking changes over 

time. CCI was a tool used to assess multiple comorbidities in patients, focusing on conditions that 

may impact the treatment and outcomes of the primary disease being treated, such as diabetes, 

liver disease, and HIV/AIDS [12]. 

Advancing age, for instance, has been widely reported to be associated with higher mortality 

risk in patients with TB [19-23], especially patients older than 65 years [7,24]. Advancing age is 

associated with multiple organ degeneration and low immunity. TB increases the number of HIV 

and progresses to AIDs faster [2]. Coinfection with HIV has also been established as a powerful 

determinant of death in TB patients [7,22,24,25]. Patients with liver disease are at high risk of 

death [26]. Due to the common side effect of TB medicines—hepatitis—patients with underlying 

liver disease experience more severe side effects. TB meningitis is a major organ infection with a 

high risk of death [24,27]. 

This study stands out by employing a simplified risk score obtained from routine data 

collection. This risk score for TB mortality serves as a valuable resource for predicting mortality 

upon initial diagnosis. Notably, the score relies on only two clinical parameters, enhancing its 

memorability and obviating the necessity for further laboratory tests, thereby contributing to cost 

reduction. 

Numerous prognostic models have been developed to predict mortality in TB patients. 

Several predictors, including older age, sex, diabetes, HIV co-infection, malnutrition, alcohol 

abuse, and respiratory failure, have been identified as risk factors associated with poor outcomes 

in TB patients [13,19-21,24,27-30]. The model presented in this study is a simple one, consisting 
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of only two variables. While the model performed well in this study, its predictive performance 

should be compared to other TB mortality prediction systems. Existing models, such as those 

incorporating chest X-rays, sputum culture results, or more comprehensive laboratory markers, 

report similar AuROC values ranging from 75% to 80% [24,29] but often require specialized 

diagnostics that are inaccessible in resource-limited settings. In contrast, this model relies 

exclusively on routine clinical data, making it more practical and scalable for broader 

applications. Most of the research in Thailand has focused on identifying factors associated with 

TB mortality [31-33], but few studies have developed predictive models to stratify patient risk.  

Our study has several limitations. Firstly, the deaths of TB patients were categorized as all-

cause deaths, which may lead to misclassification. In Thailand, the NTIP records deaths without 

specifying the cause. Secondly, certain key variables known to influence TB mortality, such as 

body mass index and CD4 count, were unavailable in the NTIP database. As a result, weight was 

used as a proxy for malnutrition, and HIV status served as a general indicator of 

immunosuppression. Additionally, routine laboratory testing for TB does not typically include 

CD4 count measurement. Thirdly, retrospective designs are vulnerable to biases, such as selection 

and information bias, which can distort results if patient records are incomplete or if the cohort 

isn't representative of the general TB population. Despite these challenges, this study design can 

still offer valuable insights and serve as a basis for developing a mortality prediction score. 

However, the quality of data collected and the number of variables available are sometimes 

limited by the reliance on routine data. 

Furthermore, incorporating socioeconomic status variables and other lifestyle factors such 

as alcohol consumption, smoking, and physical activity could provide a more comprehensive 

understanding of the factors influencing patient outcomes. These variables may have significant 

predictive value and could enhance the model's ability to accurately forecast patient prognosis. 

External validation through testing this tool in other populations or conducting prospective 

studies will enhance its credibility and utility while expanding its applicability and 

generalizability across diverse contexts and settings. Additionally, the use of all-cause mortality 

instead of TB-specific mortality may lead to misclassification. However, this limitation was 

unavoidable due to the nature of routine data collection. Future studies should explore methods 

to refine mortality classification for improved accuracy. 

Conclusion 
This study developed a risk score to predict mortality in TB patients at the time of diagnosis, 

providing a simple tool for early risk stratification and clinical decision-making. The developed 

risk score, based on routine data collection and consisting of CCI scores and TB meningitis, can 

be utilized to predict mortality in TB patient care. This risk score has the potential to assist 

clinicians in planning appropriate care for TB patients. The risk score could be integrated into 

existing TB management protocols and electronic health record (EHR) systems. Utilizing existing 

NTIP data for predicting mortality risk in TB patients has significant potential. Integrating the 

two predictors, CCI and TB meningitis, into NTIP's analytical framework enables automatic risk 

score calculation within the system. This approach will enhance real-time risk stratification and 

support timely clinical decision-making without requiring additional data collection. Future 

directions include conducting external validation across diverse populations and healthcare 

settings to assess the model's generalizability. Additionally, prospective studies are recommended 

to evaluate the model's real-world impact on clinical outcomes. These steps aim to address 

potential biases and gaps identified in the current study, ensuring the model's robustness and 

applicability in broader contexts.  
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