A Clinical Risk Score for Predicting Anti-Tuberculosis Drug-Induced Liver Injury During Standard Treatment for Drug-Susceptible Tuberculosis
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ABSTRACT

Background: The standard 2HRZE/4HR regimen is recommended for the treatment of drug-susceptible tuberculosis (DS-TB). Anti-tuberculosis drug-induced liver injury (ATDILI) is a common and clinically important adverse drug reaction that can compromise treatment continuity and adversely affect treatment outcomes. Currently, no practical clinical tool is available to predict ATDILI risk in patients receiving standard treatment regimen
Methods: This retrospective cohort study included TB patients treated at the Central Chest Institute of Thailand between January 2018 and December 2024. Eligible patients received the standard 2HRZE/4HR regimen and underwent N-acetyltransferase 2 (NAT2) genotyping. Logistic regression analysis was performed to develop the risk score model. Model performance was evaluated using the area under the receiver operating characteristic curve (AuROC) to assess its discriminatory ability for predicting ATDILI.
Results: A total of 426 patients were included in the study, of whom 111 (26.1%) developed ATDILI. Predictors of ATDILI included age ≥60 years, co-administration of hepatotoxic drugs, hypoalbuminemia, aspartate transaminase level, and NAT2 slow acetylator phenotype. These variables were incorporated into a five-variable risk score model (maximum score: 12.5), which demonstrated good discriminatory ability (AuROC 0.80, 95% CI: 0.74–0.85). Internal validation using bootstrap resampling showed stable model performance. At a cutoff score of 7, the sensitivity, specificity, positive predictive value, and negative predictive value were 41.84%, 92.13%, 63.1%, and 83.1%, respectively.
Conclusion: The developed ATDILI risk score is an accurate and practical tool for identifying DS-TB patients at high risk for ATDILI, thereby supporting closer monitoring and individualized care.
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Background
Tuberculosis (TB) remains a major public health challenge in Thailand and Southeast Asia(1, 2), Tuberculosis (TB) remains a major public health challenge in Southeast Asia, particularly in Thailand.  Current World Health Organization (WHO)(3) and national guidelines(4) recommend a 6-month regimen for drug-susceptible TB consisting of isoniazid (INH), rifampicin (RIF), pyrazinamide (PZA), and ethambutol (EMB) for 2 months, followed by INH and RIF for an additional 4 months (2HRZE/4HR). Although highly effective, first-line anti-tuberculosis drugs are frequently associated with adverse drug reactions (ADRs), which may lead to treatment interruption, regimen modification, or premature discontinuation, thereby compromising treatment success. Antituberculosis drug-induced liver injury (ATDILI) is one of the most clinically significant ADRs during TB treatment(5, 6). Reported prevalence ranges from 5% to 33%(7, 8), depending on diagnostic criteria and study populations. In Thailand, previous studies have reported rates ranging from 6.7%(9) to 14.5%(10). ATDILI often necessitates temporary or permanent discontinuation of hepatotoxic drugs, resulting in delayed treatment completion, use of alternative regimens, and potentially poorer outcomes. Therefore, early identification of patients at increased risk of ATDILI is essential for improving treatment safety and effectiveness.
The development of ATDILI is multifactorial, involving both clinical and genetic determinants. Established clinical risk factors include older age, female sex, alcohol use, pre-existing liver disease, HIV infection, chronic hepatitis B or C infection, and concomitant use of hepatotoxic medication(7, 11, 12). Among genetic factors, polymorphisms in the N-acetyltransferase 2 (NAT2) gene are the most consistently reported predictors of INH-related hepatotoxicity. NAT2 gene plays a key role in INH metabolism, and individuals are classified as rapid, intermediate, or slow acetylators according to NAT2 activity(13-15).The slow acetylator phenotype is common among Thai populations(16, 17) and has been strongly associated with an increased risk of ATDILI(18). 
Despite the availability of NAT2 genotyping services in Thailand, no standardized approach currently integrates genetic information with clinical risk factors for ATDILI risk assessment. Existing prediction models(19-22) often rely on complex variables or laboratory parameters obtained after treatment initiation, limiting their utility in routine clinical practice. 
Therefore, this study aimed to develop and internally validate a clinically applicable multivariable prediction model and derive a risk score integrating clinical factors and NAT2 diplotype for predicting ATDILI in Thai patients receiving standard anti-tuberculosis therapy.

Methods
This retrospective cohort study was conducted at the Central Chest Institute of Thailand, Department of Medical Services, Ministry of Public Health, to develop a prognostic model for ATDILI. Patients who initiated standard first-line anti-tuberculosis treatment (HRZE) between 1 October 2017 and 31 December 2024 were eligible. The Institutional Review Board (Approval ID.029/2568).  and the Ethics Committee of Thammasat approved the study protocol (Approval ID.014/2020). Informed consent was waived due to the retrospective nature of the study using existing records with no identifiable patient information and minimal risk. Data confidentiality was ensured, and the study complied with the Declaration of Helsinki. The study was conducted and reported in accordance with the Transparent Reporting of a multivariable prediction model for Individual Prognosis or Diagnosis (TRIPOD) statement(23). 

Eligibility Criteria
Eligible patients were adults (≥18 years) with tuberculosis diagnosed by a physician or ICD-10 codes A15.0–A19.9 who received the standard 2HRZE/4HR regimen and had available NAT2 genotype results. Exclusion criteria were loss to follow-up before treatment completion, drug-resistant tuberculosis, non-standard initial treatment or regimen modification unrelated to ATDILI, missing baseline liver function test results, substantial missing predictor data, or unavailable medical records.

Candidate Predictors
Candidate predictors were prespecified based on clinical relevance and prior evidence and included demographic factors (age(6, 8) and sex(12, 24, 25)), clinical characteristics (chronic liver disease(7, 22), chronic hepatitis B(14) and/or C(26) infection, comorbidities(7), concomitant hepatotoxic medications(7), and current alcohol use(25, 27, 28), baseline liver function tests(7, 29) (aspartate aminotransferase [AST], alanine aminotransferase [ALT], alkaline phosphatase [ALP], total bilirubin, and direct bilirubin), malnutrition (BMI < 18.5 kg/m2)(12, 24) and the NAT2 slow acetylator phenotype(15). 

Data Collection 
Data were retrospectively extracted from medical records and included demographic characteristics, anthropometric measurements, comorbidities, medication history, alcohol and smoking status, radiographic findings, microbiological results, baseline laboratory parameters, NAT2 genotype results, viral hepatitis serology, and HIV status. Liver function tests were routinely performed two weeks after treatment initiation and repeated thereafter as clinically indicated. Hepatotoxic medications were defined as drugs classified in the most-DILI-Concern category of the FDA Drug-Induced Liver Injury Rank (DILIrank) dataset (30). Current alcohol use was defined as alcohol consumption within two weeks before initiation of anti-tuberculosis treatment. Time to ATDILI onset was assessed among patients with ATDILI.

Outcomes
The primary outcome was ATDILI occurring within six months of treatment initiation. ATDILI was defined as any of the following after treatment initiation: (1) AST or ALT ≥5× ULN; (2) AST or ALT ≥3× ULN with symptoms of hepatitis; (3) ALP ≥2× ULN; or (4) ALT ≥3× ULN with total bilirubin ≥2× ULN. Patients who completed six months of treatment without meeting these criteria were classified as non-ATDILI.
Sample Size Estimation
The minimum required sample size was estimated at 252 patients, assuming an ATDILI incidence of 14.45% (10), an anticipated receiver operating characteristic curve (AuROC) of 0.86 (21), seven candidate predictors, a two-sided α of 0.05, and 90% power. To account for incomplete data, the target sample size was increased by 20% to 302 patients. 

Statistical Analysis
Baseline characteristics were summarized using descriptive statistics. Categorical variables were presented as frequencies and percentages, whereas continuous variables were reported as means with standard deviations or medians with interquartile ranges, as appropriate. Comparisons between patients with and without ATDILI were performed using the chi-square or Fisher’s exact test for categorical variables and the independent t-test or Mann–Whitney U test for continuous variables.
Missing data were assessed according to the extent of missingness and the clinical relevance of each variable. Complete-case analysis was performed for variables with less than 10% missing data, whereas variables with more than 20% missing data were handled using multiple imputations. Non-key predictors with greater than 50% missing data were excluded from further analysis.

Handling of Continuous Predictors
Continuous predictors were categorized before model development to facilitate the construction of a simplified clinical prediction score. Cutoff values were prespecified based on clinical relevance, established reference ranges, and assessment of predictor–outcome relationships using locally weighted scatterplot smoothing (LOWESS) plots.
Age was dichotomized at 60 years based on the LOWESS plot. BMI, serum albumin, and hematocrit were categorized using cutoffs of 18.5 kg/m², 3.5 g/dL, and 30%, respectively. The cutoffs for BMI and serum albumin were based on standard definitions of undernutrition and hypoalbuminemia. Baseline AST and ALT were categorized into three groups according to the LOWESS plots (<25, 25–50, and >50 U/L for AST; <20, 20–40, and >40 U/L for ALT). Total bilirubin and direct bilirubin were categorized according to the laboratory-specific upper limits of normal (1.2 mg/dL and 0.3 mg/dL, respectively).

Model Development
Potential predictors were selected based on clinical relevance and findings from baseline comparisons between patients with and without ATDILI. Univariable logistic regression analyses were performed to explore associations between each predictor and ATDILI. Results were presented as odds ratios (ORs) with 95% confidence intervals (CIs), p-values, and areas under the AuROC with corresponding 95% CIs.
Predictors with p<0.20 in the univariable analysis were carried forward to multivariable logistic regression and subjected to backward elimination. Variables with p<0.05 were retained in the final model. The final multivariable model was presented as ORs, regression coefficients (β), 95% CIs, and p-values.

Predictive Score Assignment
Regression coefficients from the final multivariable model were converted into a point-based clinical prediction score. Points assigned to each predictor were derived by dividing each regression coefficient (β) by the smallest statistically significant coefficient and rounding the resulting values to the nearest integer. Individual predictor scores were summed to generate a total ATDILI risk score.

Evaluation of Prediction Score Performance and Internal Validation
The performance of the ATDILI score was evaluated in terms of discrimination, calibration, and clinical utility. Discrimination was assessed using distribution plots, box plots, sensitivity, specificity, likelihood ratios, and the AuROC. Calibration was evaluated using calibration plots and the Hosmer–Lemeshow goodness-of-fit test. Predicted risks across score levels were illustrated using risk curves. Clinical utility was assessed using decision curve analysis. Internal validation was performed using 800 bootstrap resamples to estimate optimism-corrected model performance and assess potential overfitting. 
A two-sided p-value <0.05 was considered statistically significant. All statistical analyses were performed using Stata version 17 (StataCorp, College Station, TX, USA).

Results
A total of 2,688 patients were initially identified, of whom 849 underwent NAT2 genotyping. After applying the predefined exclusion criteria, 423 patients were excluded, leaving 426 patients for the final analysis. Among these patients, 111 (26.06%) developed ATDILI, whereas 315 (73.94%) did not. The study participant selection process is shown in Figure 1.
Baseline characteristics of patients with and without ATDILI are presented in Table 4.1. Patients who developed ATDILI were significantly older than those who did not (mean age 58.41 ± 18.69 years vs. 50.43 ± 16.70 years, p < 0.001). The ATDILI group also had a higher prevalence of comorbidities (60.00% vs. 40.95%, p < 0.001) and concomitant use of potentially hepatotoxic medications (23.64% vs. 7.62%, p < 0.001). Several baseline laboratory parameters differed significantly between the two groups. Patients who developed ATDILI had higher baseline levels of AST, ALT, total bilirubin, and direct bilirubin. In addition, nutritional and hematologic markers, including serum albumin, hemoglobin, and hematocrit, differed significantly between patients with and without ATDILI. Detailed baseline characteristics are presented in Table 1.
The distribution of NAT2 acetylator phenotypes is shown in Supplementary Table S1 Patients who developed ATDILI were more likely to have the slow acetylator phenotype than those who did not develop ATDILI (72.61% vs. 27.83%, p < 0.001). No other baseline characteristics differed significantly between the two groups. Among patients who developed ATDILI, the median time to onset of liver injury was 14 days (IQR 8.5–20.5 days). Details of liver function test abnormalities and patterns of liver injury are provided in Supplementary Table S2

Development of the Prediction Model
Univariable Analysis of Candidate Predictors
Univariable logistic regression was performed to evaluate the association between each candidate predictor and the occurrence of ATDILI. The results are summarized in Table 2. Older age, underlying comorbidities, concomitant use of potentially hepatotoxic medications, elevated baseline liver function parameters, low serum albumin, low hemoglobin, low hematocrit, and the NAT2 slow acetylator phenotype were associated with an increased risk of ATDILI. Among these predictors, the NAT2 slow acetylator phenotype showed the strongest association with ATDILI.
Selection of Candidate Predictors for the Multivariable Model
Candidate predictors for the multivariable model were selected based on clinical relevance and statistical evidence from the univariable analysis. Variables with p < 0.20 in the univariable analysis, together with clinically relevant predictors, were considered for multivariable model development. These included age ≥ 60 years, female sex, BMI <18.5 kg/m², current alcohol consumption, comorbidities, HIV infection, co-administration of hepatotoxic drugs, categorized baseline transaminase levels, hyperbilirubinemia, hypoalbuminemia, NAT2 slow acetylator phenotype, and anemia. Pre-existing liver disease was excluded from multivariable analysis because no patients in the non-ATDILI group had this characteristic, resulting in complete separation. The results of the multivariable analysis are presented in Table 3.
Multicollinearity among candidate predictors was assessed using the variance inflation factor (VIF) and tolerance. VIF values ranged from 1.05 to 1.90, and tolerance values ranged from 0.53 to 0.95, with a mean VIF of 1.35 (Supplementary Table S3), indicating no evidence of problematic multicollinearity.
All candidate predictors were then included in a multivariable logistic regression model, and predictor selection was performed using backward elimination. Variables were sequentially removed based on p-values >0.05, odds ratios close to 1, and clinical relevance to obtaining a parsimonious model. Variables excluded during the selection process included comorbidities, female sex, BMI <18.5 kg/m², direct bilirubin, current alcohol consumption, HIV infection, ALT level, anemia, and total bilirubin. The final model retained five predictors: age ≥60 years, co-administration of hepatotoxic drugs, categorized AST level, NAT2 slow acetylator phenotype, and hypoalbuminemia.

Evaluation of Prediction Model Performance
The final model demonstrated good discrimination, with an apparent AuROC of 0.80 (95% CI: 0.75–0.85) (Figure 2). Calibration was acceptable, with no evidence of lack of fit according to the Hosmer–Lemeshow test (p = 0.80). The calibration plot showed an observed-to-expected (O) ratio of 1.00 and a calibration-in-the-large (CITL) of 0.00, indicating good agreement between predicted and observed risks without systematic overestimation or underestimation (Supplementary Figure S1). Internal validation using 800 bootstrap resamples demonstrated stable model performance. The optimism-corrected AuROC was 0.79, with minimal optimism of 0.01. The bootstrap-corrected calibration slope was 0.93, corresponding to an optimism of 0.07, indicating minimal overfitting.

4.3.4.4 Predictive Score Assignment
Regression coefficients (β) from the final multivariable logistic regression model were converted into a point-based ATDILI score. Each coefficient was divided by the smallest coefficient among the retained predictors, and the resulting values were rounded to the nearest 0.5 to facilitate practical use in clinical settings. The coefficients and assigned scores are presented in Table 4.
The final ATDILI score was calculated by summing the points assigned to each predictor for each individual patient, with total scores ranging from 0 to 12.5. Higher scores indicated a greater predicted risk of developing ATDILI.
Assessment of the Predictive Performance of the ATDILI Score
The predictive performance of the ATDILI score was evaluated in terms of discrimination, calibration, and internal validation. The score showed good separation between patients with and without ATDILI. Patients who developed ATDILI had significantly higher scores than those who did not, as shown in the distribution plot and box plot (Figure 3 and Supplementary Figure S2 p < 0.001). Each one-point increase in the ATDILI score was associated with a 1.50-fold higher risk of ATDILI (95% CI: 1.36–1.65; p < 0.001). The score also demonstrated good discrimination, with an AuROC of 0.80 (95% CI: 0.75–0.85) (Figure 4).
Calibration of the ATDILI score was acceptable. The probability plot showed good agreement between observed risks across score levels and the model-predicted probability curve (Figure 5). The Hosmer–Lemeshow test showed no evidence of lack of fit (p = 0.45). 
The calibration plot demonstrated an observed-to-expected (O:E) ratio of 1.00 and a calibration-in-the-large (CITL) of 0.00, indicating accurate overall risk estimation without systematic overestimation or underestimation (Supplementary Figure S3).
Internal validation using 800 bootstrap resamples showed stable performance. The score maintained good discrimination, with a C-statistic of 0.80 (95% CI: 0.74–0.85), and a scaled Brier score of 22.2%. Calibration remained acceptable, with an expected-to-observed (E:O) ratio of 0.99 (95% CI: 0.84–1.17), CITL of 0.01 (95% CI: −0.27 to 0.31), and calibration slope of 1.01 (95% CI: 0.79–1.29), indicating no substantial overfitting.

Clinical Utility
The clinical utility of the ATDILI score was evaluated using decision curve analysis. The score provided a higher net benefit than the treat-all and treat-none strategies across threshold probabilities of approximately 0.10 to 0.70, suggesting potential clinical usefulness for guiding further evaluation or treatment adjustment (Supplementary Figure S4). Based on the decision curve, a threshold probability of 50% was selected, corresponding to an ATDILI score of 7. At this cut-off, sensitivity was 41.84%, specificity 92.13%, false positive rate 7.87%, false negative rate 58.16%, PPV 63.1%, and NPV 83.1%. Patients with an ATDILI score ≥7 had a significantly higher risk of developing ATDILI (OR 8.42, 95% CI: 4.72–15.02; p < 0.01). Therefore, a score of 7 was selected as the clinical cut-off for predicting ATDILI.

Discussion
This study found an ATDILI incidence of 26.06%, which was higher than previously reported in Thailand. This may partly reflect the referral nature of the Central Chest Institute of Thailand as a national tuberculosis center managing complex cases, including patients referred after adverse drug reactions to anti-tuberculosis treatment. BMI and nutritional status did not differ significantly between patients with and without ATDILI, contrasting with previous studies that identified poor nutritional status as a risk factor. Hepatitis B and C screening was documented in only 32.39% of patients (138/426); therefore, these variables were excluded from the model due to incomplete data. Alcohol consumption was also not significantly associated with ATDILI, differing from reports from other regions of Thailand(10, 31), possibly due to regional differences in population characteristics, health behaviors, or underreporting. The NAT2 slow acetylator phenotype was a strong predictor of ATDILI. Patients with this phenotype had a markedly higher risk of ATDILI than those with other phenotypes (OR 6.71, 95% CI: 3.93–11.46), consistent with previous evidence that reduced isoniazid clearance in slow acetylators may lead to drug accumulation(16) and increased hepatotoxicity risk(18).
The final model incorporated five objective and clinically available variables, including medical history, liver function tests, and NAT2 acetylator phenotype, supporting its potential applicability in routine practice. With 111 ATDILI events and an events-per-variable ratio of 22.2, the sample size was adequate for model development (32, 33). Multicollinearity assessment showed no problematic collinearity, supporting model stability. Compared with previously published models, the ATDILI score was designed to be simple and practical. Previous models, such as the nomogram by Ji et al.(20) and the decision-tree model by Zhong et al.(19), showed good predictive performance but may require additional tools for implementation. The model developed by Mani et al.(22) in India may have limited applicability to Thailand because it included a thrice-weekly treatment regimen, whereas the standard regimen for drug-susceptible tuberculosis in Thailand is daily 2HRZE/4HR. Thus, a model developed from local treatment practices and patient characteristics may be more suitable for clinical use in Thailand.
The ATDILI score demonstrated good discrimination, with an AUROC of 0.80 (95% CI: 0.74–0.85), and performance remained stable after internal validation using 800 bootstrap resamples, indicating minimal overfitting. At the selected cut-off of 7 points, the score showed high specificity (92.13%) and PPV (63.1%), but relatively low sensitivity (41.84%) and a high false-negative rate (58.16%). Therefore, this cut-off may be more useful for identifying patients at high risk than for screening all patients at risk.
This study has several limitations. First, the retrospective design relied on medical records and electronic databases, which may have resulted in incomplete data and exclusion of some patients. Variables based on patient interviews or clinical documentation, such as alcohol use and smoking, may also be affected by underreporting. Second, this was a single-center study conducted at a referral TB center, which may limit generalizability to primary care settings or general hospitals. Third, chronic liver disease and hepatitis B/C infections were not included because screening data were limited, which may reduce predictive accuracy in patients with underlying liver disease. Finally, the proportion of patients with HIV infection was low, limiting assessment of model performance in populations with higher HIV prevalence.
Despite these limitations, the ATDILI score may support pre-treatment risk stratification in patients with tuberculosis. A cut-off score of 7 may help identify high-risk patients who could benefit from closer liver function monitoring during the first 8 weeks of treatment and careful review of concomitant hepatotoxic medications. In selected high-risk patients, individualized strategies such as pharmacogenetic-guided isoniazid dose adjustment or alternative regimens with lower hepatotoxic potential may be considered where clinically appropriate; however, these strategies require further evaluation before routine implementation.
Future prospective studies with systematic hepatitis B and C screening, detailed behavioral risk assessment, and external validation in independent populations are needed to improve predictive accuracy and confirm generalizability. Further research should also explore simplified clinical screening combined with selective NAT2 genotyping using a two-step approach to improve feasibility and cost-effectiveness in resource-limited settings.

Conclusion
This retrospective study included tuberculosis patients treated with the standard 2HRZE/4HR regimen, of whom 111 (26.1%) developed ATDILI. Significant predictors of ATDILI included age ≥60 years, concomitant hepatotoxic medications, hypoalbuminemia, elevated AST levels, and the NAT2 slow acetylator phenotype. Based on these variables, an ATDILI risk score ranging from 0 to 12.5 points was developed and demonstrated good predictive performance, with an AuROC of 0.80 (95% CI: 0.75–0.85), which remained stable after internal validation, indicating minimal overfitting. An ATDILI score ≥7 was identified as the optimal cut-off and was associated with a significantly increased risk of ATDILI (OR 8.42, 95% CI: 4.72–15.02). Overall, the ATDILI score is a simple and clinically applicable tool that may support individualized risk stratification and safer tuberculosis treatment in the Thai healthcare setting.
Conclusion: Age ≥60 years, concomitant hepatotoxic medications, hypoalbuminemia, elevated AST levels, and the NAT2 slow acetylator phenotype were significant predictors of ATDILI. An ATDILI risk score (0–12.5 points) developed from these variables showed good predictive performance (AuROC 0.80, 95% CI: 0.75–0.85). A score ≥7 may help identify patients at high risk for ATDILI and support individualized risk stratification and safer tuberculosis treatment in Thai clinical practice.

Acknowledgments
The authors would like to thank the Medical Life Sciences Institute, Department of Medical Sciences, Nonthaburi, Thailand, for supporting the NAT2 genotyping. We are particularly grateful to Sukanya Wattanapokayakit for her valuable assistance and support with NAT2 genotype testing.

Declaration of generative AI and AI-assisted technologies in the manuscript preparation process.
During the preparation of this manuscript, the authors used OpenAI’s ChatGPT-4.1 solely to assist with grammar and language editing. The authors carefully reviewed, verified, and revised all AI-assisted content, and took full responsibility for the integrity and accuracy of the final manuscript.

References
World Health Organization. Global Tuberculosis Report 2021. Geneva SW.
World Health Organization. Global Tuberculosis Report 2024. Geneva SW.
WHO consolidated guidelines on tuberculosis. Module 4: treatment and care. Geneva: World Health Organization; 2025. Licence: CC BY-NC-SA 3.0 IGO.
Division of Tuberculosis. National Tuberculosis Control Programme Guideline TBDoT.
Yee D, Valiquette C, Pelletier M, Parisien I, Rocher I, Menzies D. Incidence of serious side effects from first-line antituberculosis drugs among patients treated for active tuberculosis. Am J Respir Crit Care Med. 2003;167(11):1472-7.
Dossing M, Wilcke JT, Askgaard DS, Nybo B. Liver injury during antituberculosis treatment: an 11-year study. Tuber Lung Dis. 1996;77(4):335-40.
Saukkonen JJ, Cohn DL, Jasmer RM, Schenker S, Jereb JA, Nolan CM, et al. An official ATS statement: hepatotoxicity of antituberculosis therapy. Am J Respir Crit Care Med. 2006;174(8):935-52.
Shakya R, Rao BS, Shrestha B. Incidence of hepatotoxicity due to antitubercular medicines and assessment of risk factors. Ann Pharmacother. 2004;38(6):1074-9.
Thongraung W, Sittidach M, Khwansuwan P, Sariyasuntorn K, Wongsampan S. Evaluation of the physicians' approach to the diagnosis and treatment of patients with antituberculosis drug-induced hepatotoxicity. J Eval Clin Pract. 2012;18(6):1119-25.
Akkahadsee P JS, Sawangjit R, Phumart P. . Incidence, outcomes, and risk factors of antituberculosis drugs induced liver injury in Thailand: A retrospective cohort study. Pharmacy Practice. 2024;22(2):1-7.
Schaberg T, Rebhan K, Lode H. Risk factors for side-effects of isoniazid, rifampin and pyrazinamide in patients hospitalized for pulmonary tuberculosis. Eur Respir J. 1996;9(10):2026-30.
Sharma SK, Balamurugan A, Saha PK, Pandey RM, Mehra NK. Evaluation of clinical and immunogenetic risk factors for the development of hepatotoxicity during antituberculosis treatment. Am J Respir Crit Care Med. 2002;166(7):916-9.
Sotsuka T, Sasaki Y, Hirai S, Yamagishi F, Ueno K. Association of isoniazid-metabolizing enzyme genotypes and isoniazid-induced hepatotoxicity in tuberculosis patients. In Vivo. 2011;25(5):803-12.
Ramappa V, Aithal GP. Hepatotoxicity Related to Anti-tuberculosis Drugs: Mechanisms and Management. J Clin Exp Hepatol. 2013;3(1):37-49.
Santoso SB, Pribadi P, Irham LM. Isoniazid-induced liver injury risk level in different variants of N-acetyltransferase 2 (NAT2) polymorphisms: A literature review. Pharmacia. 2023;70.
Ungcharoen U, Sriplung H, Mahasirimongkol S, Chusri S, Wichukchinda N, Mokmued P, et al. The Influence of NAT2 Genotypes on Isoniazid Plasma Concentration of Pulmonary Tuberculosis Patients in Southern Thailand. Tuberc Respir Dis (Seoul). 2020;83(Supple 1):S55-S62.
Piriyapongsa J, Chumnumwat S, Kaewprommal P, Triparn K, Suvichapanich S, Udomsinprasert W, et al. Pharmacogenomic landscape of the Thai population from genome sequencing of 949 individuals. Sci Rep. 2024;14(1):30683.
Wattanapokayakit S, Mushiroda T, Yanai H, Wichukchinda N, Chuchottawon C, Nedsuwan S, et al. NAT2 slow acetylator associated with anti-tuberculosis drug-induced liver injury in Thai patients. Int J Tuberc Lung Dis. 2016;20(10):1364-9.
Zhong T, Zhuang Z, Dong X, Wong KH, Wong WT, Wang J, et al. Predicting Antituberculosis Drug-Induced Liver Injury Using an Interpretable Machine Learning Method: Model Development and Validation Study. JMIR Med Inform. 2021;9(7):e29226.
Ji S, Lu B, Pan X. A nomogram model to predict the risk of drug-induced liver injury in patients receiving anti-tuberculosis treatment. Front Pharmacol. 2023;14:1153815.
Chan SL, Chua APG, Aminkeng F, Chee CBE, Jin S, Loh M, et al. Association and clinical utility of NAT2 in the prediction of isoniazid-induced liver injury in Singaporean patients. PLoS One. 2017;12(10):e0186200.
Raj Mani SS, Iyyadurai R, Mishra AK, Manjunath K, Prasad J, Lakshmanan J, et al. Predicting antitubercular drug-induced liver injury and its outcome and introducing a novel scoring system. Int J Mycobacteriol. 2021;10(2):116-21.
Moons KG, Altman DG, Reitsma JB, Ioannidis JP, Macaskill P, Steyerberg EW, et al. Transparent Reporting of a multivariable prediction model for Individual Prognosis or Diagnosis (TRIPOD): explanation and elaboration. Ann Intern Med. 2015;162(1):W1-73.
Fernandez-Villar A, Sopena B, Fernandez-Villar J, Vazquez-Gallardo R, Ulloa F, Leiro V, et al. The influence of risk factors on the severity of anti-tuberculosis drug-induced hepatotoxicity. Int J Tuberc Lung Dis. 2004;8(12):1499-505.
Tost JR, Vidal R, Cayla J, Diaz-Cabanela D, Jimenez A, Broquetas JM, et al. Severe hepatotoxicity due to anti-tuberculosis drugs in Spain. Int J Tuberc Lung Dis. 2005;9(5):534-40.
Wang JY, Liu CH, Hu FC, Chang HC, Liu JL, Chen JM, et al. Risk factors of hepatitis during anti-tuberculous treatment and implications of hepatitis virus load. J Infect. 2011;62(6):448-55.
Dworkin MS, Adams MR, Cohn DL, Davidson AJ, Buskin S, Horwitch C, et al. Factors that complicate the treatment of tuberculosis in HIV-infected patients. J Acquir Immune Defic Syndr. 2005;39(4):464-70.
Ungo JR, Jones D, Ashkin D, Hollender ES, Bernstein D, Albanese AP, et al. Antituberculosis drug-induced hepatotoxicity. The role of hepatitis C virus and the human immunodeficiency virus. Am J Respir Crit Care Med. 1998;157(6 Pt 1):1871-6.
Teleman MD, Chee CB, Earnest A, Wang YT. Hepatotoxicity of tuberculosis chemotherapy under general programme conditions in Singapore. Int J Tuberc Lung Dis. 2002;6(8):699-705.
Chen M, Suzuki A, Thakkar S, Yu K, Hu C, Tong W. DILIrank: the largest reference drug list ranked by the risk for developing drug-induced liver injury in humans. Drug Discov Today. 2016;21(4):648-53.
Morasert T RT. Prevalence and Risk Factors Associated with First-Line Anti-Tuberculosis Induced Hepatotoxicity in Suratthani Hospital, Thailand. . J Med Assoc Thai 2021;104:233-9. 2021.
Peduzzi P, Concato J, Feinstein AR, Holford TR. Importance of events per independent variable in proportional hazards regression analysis. II. Accuracy and precision of regression estimates. J Clin Epidemiol. 1995;48(12):1503-10.
Peduzzi P, Concato J, Kemper E, Holford TR, Feinstein AR. A simulation study of the number of events per variable in logistic regression analysis. J Clin Epidemiol. 1996;49(12):1373-














Figure 1.  Study Flow diagram

[image: ]












Table 1 Baseline characteristics of the participants with and without ATDILI
	[bookmark: _Hlk199750616]Characteristic
	Missing data
(n, %)
	ATDILI
(n=111)
	Non ATDILI
(n=315)
	P-value

	Age (years) (Mean ± SD)
	0 (0 %)
	58.41 ± 18.69
	50.43 ± 16.70
	< 0.01

	Female gender (n, %)
	0 (0 %)
	72 (25.9%)
	 39 (26.35%)
	0.91

	BMI (Mean ± SD)
	1 (0.23 %)
	19.68 ± 3.50
	20.29 ± 3.96
	0.15

	Current alcohol consumption (n, %)
	1 (0.23 %)
	20 (18.18%)
	80 (25.40%)
	0.15

	History of smoking (n, %)
	1 (0.23 %)
	21 (19.09%)
	77 (24.44 %)
	0.29

	Pre-existing liver disease (n, %)
	1 (0.23 %)
	2 (1.87%)
	 0 (0%)
	0.07

	Comorbid conditions (n, %)
	1 (0.23 %)
	66 (60.00%)
	129 (40.95%)
	< 0.01

	Viral hepatitis infection (n, %)
	138 (32.39 %)
	7 (2.22%)
	7 (6.31 %)
	0.06

	HIV infection (n, %)
	1 (0.23 %)
	6 (5.45%)
	8 (2.54%)
	0.21

	Malnutrition, BMI < 18.5, (n, %)
	1 (0.23 %)
	43 (39.09%)
	113 (35.87 %)
	0.57

	[bookmark: _Hlk199753967]Co-administration of hepatotoxic drugs 
(n, %)
     Statin
     Methotrexate (MTX)
     Fluconazole
	1 (0.23 %)
	26 (23.64%)

24 (21.62%)
-
2 (1.80%)
	24 (7.62 %)

23 (7.30%)
1 (0.32%)
-
	< 0.01

	Baseline LFT (Median, IQR)
     AST (IU/ml) 
     ALT (IU/ml) 
     ALP (IU/ml) 
     Total bilirubin (mg/dl) 
     Direct bilirubin (mg/dl) 
     Serum albumin (mg/dl) (Mean±SD) 
	
6 (1.40%)
13 (3.05%)
21 (4.93%)
21 (4.93%)
18 (4.23%)
20 (4.69%)

	
27.5 (20, 34)
22 (16,34)
89 (65, 117)
0.63 (0.5,0.8)
0.23 (0.18, 0.33)
3.95 ± 0.53
	
23 (17,31)
19 (14,29)
88 (72, 109)
0.5 (0.4,0.7)
0.19 (0.13, 0.27)
4.11 ± 0.50
	
< 0.01
0.07
0.73
< 0.01
< 0.01
< 0.01

	NAT2 acetylator (n, %) 
· Slow acetylator 
· Intermediate/rapid acetylator 
	
3 (0.70%)
20 (4.69%)
	
78 (72.61%)
31 (27.39 %)
	
86 (27.83%)
228 (71.56%)
	< 0.01

	WBC (cell/mm3) (Median, IQR)
	
	7,930 (6250,10410)
	8,740 (6940,11250)
	0.50


	HB (mg/dl) (Mean ± SD)
	20 (4.69%)
	12.21 ± 1.84
	11.77 ± 2.06
	0.04

	HCT (%) (Mean ± SD)
	20 (4.69%)
	36.98 ± 5.76
	34.86 ± 6.87
	< 0.01

	BMI : Body Mass Index , ALP: Alkaline phosphatase, ALT: Alanine aminotransferase, AST: Aspartate aminotransferase,  
LFT:, Liver function test, NAT2: N-Acetyltransferase 2, WBC: White blood cell, HB: Hemoglobin, HCT: Hematocrit.



Table 2 Univariable Analysis of Risk Factors for ATDILI
	Characteristic
	Odds ratio 
	95% CI
	P-value

	Age ≥ 60 yr
	2.18
	1.40 -3.39
	< 0.01

	Female gender
	0.98
	0.62 -1.56
	0.94

	BMI < 18.5 kg/m2
	1.16
	0.74- 1.83
	0.51

	Current alcohol consumption 
	0.64
	0.37 -1.11
	0.12

	Smoking (n, %)
	0.97
	0.61 -1.52
	0.88

	Pre-existing liver disease 
	-
	 
	

	Comorbid conditions 
	2.17
	1.39-3.39
	< 0.01

	DM 
	1.09
	0.66-1.78
	0.74

	HIV infection 
	2.23
	0.76-6.57
	0.15

	Co-administration of hepatotoxic drugs 
	3.80
	2.07-6.98
	<0.01

	Baseline LFT 
     AST (IU/ml)
          < 25
          25-50 
          > 50
     ALT (IU/ml) 
          < 20
          20-40
          > 40
     ALP (IU/ml) 
     Hyperbilirubinemia 
          TB > 1.2 mg/dl
          DB > 0.3 mg/dl
	

Ref
2.17
2.89

Ref.
1.84
1.38
1.00

2.35
1.79
	


1.35-3.48
1.41-5.91


1.13-3.01
0.71-2.68
1.00 -1.01

1.04-5.29
1.09-2.95
	

0.03



0.01


< 0.01

< 0.01
0.01

	Hypoalbuminemia (< 3.5 mg/dl)
	1.98
	1.02-3.86
	< 0.01

	NAT2 acetylator phenotype (n, %)
· Slow acetylator 
· Intermediate/rapid acetylator 
	
6.67
Reference
	
4.11 -10.83
	
< 0.01

	HCT < 30 mg %
	3.81
	1.89 - 7.65
	< 0.01


BMI: Body Mass Index, DM: Diabetes, HIV: Human immunodeficiency virus., LFT: Liver function test, 
AST: Aspartate aminotransferase, ALT: Alanine aminotransferase, ALP: Alkaline phosphatase, 
NAT2: NAT2: N-Acetyltransferase.  Ref: Reference




  Table 3 Multivariable logistic regression model
	Characteristic
	Adjusted OR 
	95% CI
	P-value

	Age ≥ 60 yr
	1.51
	0.79 -2.89
	0.21

	Female gender
	0.85
	0.46 -1.58
	0.61

	BMI < 18.5 kg/m2
	1.06
	0.60- 1.89
	0.84

	Current alcohol consumption 
	0.62
	0.27 -1.44
	0.27

	Smoking (n, %)
	1.71
	0.86 -3.41
	0.12

	Comorbid conditions 
	1.12
	0.55 -2.30
	0.77

	DM 
	1.01
	0.50 -2.07
	0.97

	HIV infection 
	1.52
	0.36 - 6.45
	0.57

	Co-administration of hepatotoxic drugs 
	3.25
	1.44 - 7.32
	<0.01

	Baseline LFT 
     AST (IU/ml)
          < 25
          25-50 
          > 50
     ALT (IU/ml) 
          < 20
          20-40
          > 40
     ALP (IU/ml) 
     Hyperbilirubinemia 
          TB > 1.2 mg/dl
          DB > 0.3 mg/dl
	

Ref
1.55
1.82

Ref.
2.01
1.37
1.00
1.00
3.16
0.76
	


0.79 – 3.05
0.55 – 6.02


1.01 – 4.01
0.55 – 6.02
1.00 -1.01

0.92 -10.85
0.35 – 1.64
	


0.20
0.33


0.04
0.56
0.41

0.07
0.48

	Hypoalbuminemia (< 3.5 mg/dl)
	1.48
	0.59 - 3.75
	0.41

	NAT2 acetylator phenotype (n, %)
· Slow acetylator 
· Intermediate/rapid acetylator 
	
7.48
Reference
	
4.19 -13.35
	
< 0.01

	HCT < 30 mg %
	2.60
	1.04 – 6.49
	0.04

	Adjusted OR: Adjusted odds ratio BMI: Body Mass Index , DM: Diabetes, HIV: Human immunodeficiency virus., LFT: Liver function test , AST: Aspartate aminotransferase, ALT: Alanine aminotransferase, ALP: Alkaline phosphatase,
NAT2: NAT2: N-Acetyltransferase, Ref: Reference
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Figure 2 Receiver Operating Characteristic (ROC) Curve of the Prediction Model for ATDILI

Table 4 Scoring Scheme of the Parsimonious Model: Odds Ratios (95% CI), Regression Coefficients (β), and Assigned Scores Derived from Predictor Coefficients
	Predictors
	Coefficient (β)
	95% CI
	p-value
	Score assigned
	Score adjusted

	Age ≥ 60 years
	0.07
	-0.01-0.15
	0.11
	1.00
	1.0

	Co-administration of hepatotoxic drugs
	0.22
	0.10-0.34
	< 0.01
	3.21
	3.0

	Hypoalbuminemia
	0.09
	-0.03-0.22
	0.18
	1.34
	1.5

	AST level
	
	
	
	
	

	     < 25
	Ref
	
	  
	
	

	     25-50
	0.11
	0.03-0.19
	< 0.01
	1.58
	1.5

	     > 50
	0.15
	0.02-0.28
	0.03
	2.22
	2.0

	NAT2 gene slow acetylator
	0.32
	0..24-0.39
	< 0.01
	4.65
	5.0

	
	
	
	
	
	12.5
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Figure 3 Distribution of ATDILI scores among patients with and without ATDILI according to score levels.
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Figure 4. Area under the ROC (AuROC) demonstrates the predictive performance of the ATDILI risk score.
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Figure 5. The probability plot of ATDILI score
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