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Objective

According to the Global Tuberculosis Report for three consecutive years, tuberculosis (TB) is the second leading infectious killer. Primary pulmonary tuberculosis (PTB) leads to the highest mortality among TB diseases. Regretfully, no previous studies targeted the PTB of a specific type or in a specific course, so models established in previous studies cannot be accurately feasible for clinical treatments. This study aimed to construct a nomogram prognostic model to quickly recognize death-related risk factors in patients initially diagnosed with PTB to intervene and treat high-risk patients as early as possible in the clinic to reduce mortality.





Methods

We retrospectively analyzed the clinical data of 1,809 in-hospital patients initially diagnosed with primary PTB at Hunan Chest Hospital from January 1, 2019, to December 31, 2019. Binary logistic regression analysis was used to identify the risk factors. A nomogram prognostic model for mortality prediction was constructed using R software and was validated using a validation set.





Results

Univariate and multivariate logistic regression analyses revealed that drinking, hepatitis B virus (HBV), body mass index (BMI), age, albumin (ALB), and hemoglobin (Hb) were six independent predictors of death in in-hospital patients initially diagnosed with primary PTB. Based on these predictors, a nomogram prognostic model was established with high prediction accuracy, of which the area under the curve (AUC) was 0.881 (95% confidence interval [Cl]: 0.777-0.847), the sensitivity was 84.7%, and the specificity was 77.7%.Internal and external validations confirmed that the constructed model fit the real situation well.





Conclusion

The constructed nomogram prognostic model can recognize risk factors and accurately predict the mortality of patients initially diagnosed with primary PTB. This is expected to guide early clinical intervention and treatment for high-risk patients.
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1 Introduction

According to the Global Tuberculosis Report for three consecutive years, tuberculosis (TB) is the second leading infectious killer after COVID-19, with higher mortality than human immunodeficiency virus (HIV)/acquired immunodeficiency syndrome (AIDS). It is also noted that 2022 is the first year when TB incidence and death rates have increased. Impacted by COVID-19 pandemic, the effects of TB prevention and treatment can be interrupted or changed over the years (Dheda et al., 2022). In 2021, China ranked third worldwide, with TB incidence (new cases per 100,000 population) estimated at 55 and TB mortality at 4%. Moreover, in 2021, there were 780,000 new TB cases in China, of which new pulmonary tuberculosis (PTB) cases accounted for 95%. These results indicate the high TB burden in China. In the new era of COVID-19 pandemic, China has faced huge challenges in TB prevention and treatment. Recently, high-sensitivity tools have been introduced to screen out, intervene, and treat TB to reduce TB mortality (Chakaya et al., 2022).

The lungs are the most common site of TB infection, and PTB leads to the highest mortality among TB diseases. Patients with different types of PTB or with different courses of PTB will differ in various aspects, such as clinical symptoms, hematologic manifestations, treatment methods, intervention methods, and even treatment outcomes (Sauer et al., 2018; Mohidem et al., 2021; Kheirandish et al., 2022). Regretfully, in previous TB prognostic studies, the research objects were classified mainly based on: 1) drug resistance; 2) HIV status; 3) comorbidities; 4) PTB or extrapulmonary TB (EPTB) (Jamal et al., 2020; Liu et al., 2020; Li et al., 2022). No previous studies targeted the PTB of a specific type or in a specific course, so models established in previous studies cannot be accurately feasible for clinical treatments.

This study aimed to construct a nomogram prognostic model to identify the risk factors for in-hospital patients initially diagnosed with primary PTB to offer the most effective therapeutic schemes, the most appropriate case management, and the optimal resource allocation for patients who are the least likely to be cured but most likely to benefit from the intervention measures. The study breaks through the limitations of the same type of study in terms of the lack of segmentation of the target population and the lack of clinical usefulness of the selection of predictors. To precisely move the intervention study population forward, patients with a primary diagnosis of tuberculosis were selected, and statistically significant risk factors for mortality were screened. A prognostic intervention model for death was then constructed, which was suitable for clinical applications. This study’s findings have three significant advantages. First, primary TB patients account for 95% of new TB cases annually, and the model is highly targeted and applicable to a wide range of targets. Second, risk predictors of mortality prognosis are easily accessible and identifiable in the clinical setting. Third, internal model validation was performed; the model fit and predictive value were better, and the prediction method was simple and fast.




2 Research objects and methods



2.1 Research objects

The retrospective case-control method included 1,809 in-hospital patients initially diagnosed with primary PTB at Hunan Chest Hospital from January 1, 2019, to December 31, 2019. In China, patients are received and treated at designated points and can obtain partial subsidies from health insurance (Liu et al., 2022b). Hunan Chest Hospital is one of the provincial-level designated points for TB treatment in China, which has received and treated the most TB patients in Hunan province. Therefore, TB cases in Hunan Chest Hospital reflect the epidemiological trends and disease characteristics of TB throughout Hunan province.

The research objects were included based on the following criteria. 1) The patients were diagnosed with primary PTB based on the Health Industry Standard of the People’s Republic of China—Diagnosis for pulmonary tuberculosis (WS 288-2017) (China, N.H.a.F.P.C.o.t.P.s.R.o, 2017). 2) The patients never took anti-TB drugs or received irregular chemotherapy within one month after being diagnosed with primary PTB (Cao et al., 2007). 3) During the hospital stay and after discharge, the patients received standardized chemotherapy for initially diagnosed primary PTB according to the recommendations of WHO and Technical Specifications for TB Prevention and Control in China (Zhang et al., 2014). Two months of intensive treatment with isonicotinic hydrazine, rifepine, pyrazinamide, ethambutanol sterilization combined with bacteriostatic drugs, followed by four months of consolidation treatment with isonicotinic hydrazine and rifepine. 4) The patients were equal to or older than 18 years old with a hospital stay of more than three days. 5) Before a hospitalization, the patients never took cortin or drugs that affected the lab-tested albumin (ALB), lymphocyte count, and other indicators for the long term. 6) The patients were not pregnant or lactating women. 7) The patients were not severe with HIV/AIDS, benign or malignant tumors, organ failure, or other diseases. 8) The clinical baseline data of patients were complete.

The study was conducted in accordance with the Declaration of Helsinki. As this study was based on retrospective research of patient data from a case management system, with visa-free informed consent for ethical approvals, and oral knowledge with respondents during telephone surveys with respondents. This visa-free informed consent for ethical approvals was approved by the Nursing and Behavioral Medicine Research Ethics Review Committee, Xiangya Nursing School of Central South University(ID:E2022104).




2.2 Data collection

This study collected data on in-hospital PTB patients from the case management system in Hunan Chest Hospital, including general demographic data (gender, age, marital status, type of health insurance, smoking history, drinking history, and dust exposure history), in-hospital comorbidity data [hypertension, diabetes, chronic gastritis, and coronary heart disease (CHD]), clinic-related data, and experimental parameters [height, weight, ALB, lymphocyte count, creatinine, cholinesterase (CHE), total cholesterol, C-reactive protein (CRP), hemoglobin (Hb), and platelet (PLT]). The above data are from the first week of admission of patients initially diagnosed with primary PTB. Smoking no less than 20 cigarettes per week was considered a smoking history. Drinking no less than five times or 500 mL weekly was considered to have a drinking history. Exposure to an extremely dusty environment of no less than five times was considered to have a dust exposure history. In-hospital comorbidity data were obtained from the chief complaints of patients, which is consistent with the review results after admission to the hospital. For reflecting the nutritional status of research objects, this study converted the height and weight into the body mass index (BMI) according to Medical Nutrition Treatment of Overweight/Obesity in China (2021), where BMI values less than 18.5 kg/m² are considered underweight, BMI values from 18.5 to 24.99 kg/m² are normal weight. BMI values > 25 kg/m² were overweight or obese (Chen et al., 2004; Sahile et al., 2021).

This study obtained follow-up data from the research subjects and understood patient mortality on a phone visit from September 1, 2022, to September 31, 2022. The outcomes were collected from the first hospitalized treatment upon initial diagnosis of primary PTB to the end of the phone visit, the average duration of which was three years. According to WHO classification standards, this study classified the treatment results of research subjects into non-survivor group (died) and survivor group (cured, drug-resistant, and relapsing) (Eurosurveillance Editorial Team, 2013). Survivors further returned to the study to see if tuberculosis drug resistance, and recurrence of tuberculosis during the treatment period.




2.3 Statistical analysis

R software V4.2.2 (http://www.R-project) was used for data input and statistical analysis. Continuous variables were normally distributed and described as mean and standard deviation (SD), whereas categorical variables were expressed as frequency percentages. The confidence interval (Cl) was 95% (α= 0.05), and p < 0.05 (bilateral) is statistically significant. The t-test was conducted to compare the continuous variables with the research results, and chi-square (χ²) test was adopted to compare the categorized variables with research results. Binary logistic regression was used for univariate analysis, and backward stepwise logistic regression was used for multivariate analysis to screen for statistically significant prognostic risk factors for patients initially diagnosed with primary PTB. R software was used to construct the nomogram prediction model based on independent risk factors in the training set and to validate the constructed model using the validation set.





3 Results



3.1 Characteristics of research objects

This study included 1,809 in-hospital patients initially diagnosed with primary PTB who were screened, as presented in Figure 1. The research objects were randomly split into a training set (n=1449) and a validation set (n=360) at a ratio of 8:2 and a random seed of 1314.




Figure 1 | Study design. A total of 1,809 in-hospital patients initially dragonized with primary PTB with complete relevant data were enrolled in this study.



Among 1,809 research subjects, 83 patients (4.6%) died within three years of treatment, including 72 patients (4.9%) in the training set and 11 patients (3.1%) in the validation set. 174 patients(9.6%) developed tuberculosis resistance during the three-year follow-up period, including 131(9.0%) in the training set and 43(11.9%) in the validation set. 389 (21.5%)patients experienced tuberculosis recurrence during the three-year follow-up period, including 305(21.0%) in the training set and 84(23.3%) in the validation set.

In this study, 22 variables were analyzed, the results of which were as follows. 1) The average age of the research subjects was 48 years. 2) The number of male patients (64%) was higher than that of female patients (37%). 3) Smokers (65.2%) and drinkers (76.2%) accounted for relatively high proportions. 4) Patients with comorbidities accounted for 25.5%, including 8.9% hypertension, 10.6% diabetes, 2.9% HBV, 5.7% chronic gastritis, and 5.7% CHD. 5) Bachelordom represented 24.6% of the participants. 6) Patients without health insurance accounted for 13.9% of the patients. 7) Underweight patients accounted for 24.5%, and overweight patients accounted for 9.3%, for details about the demographic variables and clinical characteristics of the research subjects (Table 1).


Table 1 | Baseline characteristics of included in-hospital patients initially dragonized with primary PTB.



Univariate binary logistic regression analysis was performed for 1,448 cases in the training set. The results demonstrated that 13 variables, including sex, smoking, drinking, hypertension, HBV, comorbidity, BMI, age, ALB, CHE, CRP, lymphocyte count, and Hb, were statistically different between the survivor and non-survivor group (p<0.05), as illustrated in Table 2. Univariate andmultivariate logistic regression analysis of the training set of the population of in-hospital patients initially dragonized with primary PTB was shown in Table 3.


Table 2 | Demographics and clinical characteristics of the population of in-hospital patients initially dragonized with primary PTB.




Table 3 | Univariate and multivariate logistic regression analysis of the training set of the population of in-hospital patients initially dragonized with primary PTB.






3.2 Risk predictors for in-hospital patients initially diagnosed with primary PTB

Statistically significant variables were included in multivariate binary logistic regression analysis. The results in Figure 2 indicate that drinking (p=0.03; OR=1.97; 95% CI: 1.07–3.60), HBV (p=0.02; OR=3.58; 95% CI: 1.14–9.95), BMI (p=0.04; OR=1.79; 95% CI: 1.01–3.16), age (p<0.001; OR=1.08; 95% CI: 1.06–1.11), ALB (p=0.003; OR=0.90; 95% CI: 0.84–0.96), and Hb (p=0.035; OR=0.98; 95% CI: 0.96–1.00) were independent risk predictors for death (p<0.05) in the prognosis of in-hospital patients initially diagnosed with primary PTB (Figure 2).




Figure 2 | Backward stepwise logistic regression analysis of the training set of the population of in-hospital patients initially dragonized with primary PTB.



With drinking, HBV, BMI, age, ALB, and Hb included in the prognosis of in-hospital patients initially diagnosed with primary PTB as independent risk predictors for death, R software established the nomogram prognostic model for mortality prediction to obtain the points corresponding to every predictor. The sum of these points was considered the death probability of in-hospital patients initially diagnosed with primary PTB, as described in Figure 3.




Figure 3 | Nomogram to predict the outcomes of patients initially diagnosed with primary PTB.



The nomogram model was adopted to obtain the points corresponding to every predictor and then calculate the total points considered as the death probability of in-hospital patients initially diagnosed with primary PTB. The total number of points is then calculated.

The area under the receiver operating characteristic (ROC) curve (AUC) was used to evaluate the predictive accuracy of the constructed nomogram model. In the training set, AUC of the model was 0.881, with a sensitivity of 84.7% and specificity of 77.7% (Figure 4). In the validation set, AUC of the model was 0.907 (Figure 4). Consequently, the internal and external validation results were relatively consistent (Figure 4). R software was adopted to establish the calibration curves (1,000 bootstrapping samples) of the training set (Figure 5A) and the validation set (Figure 5B), where X-axis represents the predicted death probability of in-hospital patients initially diagnosed with primary PTB and Y-axis represents the observed death probability of in-hospital patients initially diagnosed with primary PTB. The calibration curves determined that the model effectively fitted the actual situation and had a high predictive value. Moreover, R software was used to draw the clinical decision curves for the training set (Figure 6A) and validation set (Figure 6B), the area of which was greater than 0, indicating that the model had high clinical effectiveness.




Figure 4 | Calibration curves of the nomogram in the training set (A) and validation set (B).






Figure 5 | Calibration of the nomogram to predict the death in the training set (A) and validation set (B).






Figure 6 | Decision cure analysis(DCA) for the nomogram in the training set (A) and validation set (B).







4 Discussion

Mycobacterium tuberculosis (MTB) infection is a dynamic process in which the systemic immune response is passively activated. The damaging immune and inflammatory responses of human tissues are subject to the infection site, infection cycle, and bacterial aggregation (Natarajan et al., 2020). Based on the Health Industry Standard of the People’s Republic of China—Classification of Tuberculosis (WS 196-2017), PTB is categorized into primary PTB, hematogenous PTB, secondary PTB, tuberculous pleurisy, and EPTB. From the perspective of histology, the organs of patients with any of the five types of PTB generate granulomatous inflammation (Acharya et al., 2020). However, because of different immune and inflammatory responses, there will be a significant difference in aspects such as imagology, clinical course, test indicators, and therapeutic scheme (Hunter, 2018; Cohen et al., 2022). Previous studies generally selected a wide range of research objects to establish TB-related prediction models, especially prognosis prediction models, reducing the practicability of these models in the clinic (Tangri and Kent, 2015; Peetluk et al., 2021; Bert-Dulanto et al., 2022; Kuan, 2022).

Numerous studies have confirmed that different types and courses of PTB have different immune mechanisms, treatment outcomes, outcome probabilities, and risk factors (Koo et al., 2020; Li et al., 2020; Ali et al., 2021; Peetluk et al., 2022; Williams et al., 2022; Zhao et al., 2022). Based on this, this study accurately selected the patients initially diagnosed with primary PTB as the research objects to construct the prediction model and selected the predictors by combining the sensitive indicators and commonly used clinical indicators from previous relevant studies. These predictors can be routinely acquired in the clinical setting. Therefore, the constructed nomogram prediction model is highly operable to quickly predict the outcomes of patients initially diagnosed with primary PTB for accurate and targeted intervention in the clinic.

The selection of a follow-up period was a peculiarity in this study because the survival cycle of PTB patients varies greatly from country to country. A previous study on 8,240 TB patients in Andhra Pradesh, southern India, demonstrated that the death frequency in the four-year follow-up period was even (Ramakrishnan et al., 2021). Another previous study on time-related death factors of the 604 TB patients in southwestern Ethiopia indicated that the average time to death was five months (Jabir et al., 2022). A survival analysis of TB deaths from the Tuberculosis Disease and Mortality Surveillance Information System in Zhejiang province, China, concluded that 71.1% of 283 deaths caused by TB occurred within three years of diagnosis and treatment (Liu et al., 2022a). The main reason for this difference is that TB is closely related to body nutrition as a type of immune disease, and individual nutritional status is closely related to individual economic and socioeconomic status (Muttamba et al., 2020; Guo et al., 2022; Sinha et al., 2022). Therefore, we discovered that the results of a prognostic model are different for TB patients in different regions. Therefore, accurately matching the characteristics of the clinical application population is the first step toward constructing a prognostic model. The regions of patients with TB and their influence on their survival cycle by region must be considered. Combining case studies on PTB patients in China and the estimated probability of TB death in China, this study found that over the 3-year follow-up period, 4.89% of patients who had been initially diagnosed with primary PTB died. This indicated that the selection of the follow-up period reduced the bias error and greatly increased the clinical applicability of the model.

Compared with the treatment outcome prediction model for adult patients with the same type of PTB, age and BMI are common predictive risk factors affecting treatment outcomes. On the one hand, older PTB patients have a higher death possibility than younger patients (Bert-Dulanto et al., 2022). According to the statistical data in PTB case reports (2006–2020) from the Tuberculosis Information Management System (TBIMS) in China, PTB incidence and mortality in China increased with age (Dong et al., 2022). On the other hand, undernutrition is a risk factor for immunodeficiency and an important risk factor for PTB incidence and adverse outcomes (Ma et al., 2022). BMI is the macro indicator of human nutritional status, and ALB and Hb are the biomarkers to reflect human nutritional status (Du et al., 2022). Therefore, BMI, ALB, and Hb are mutually the cause and effect, also reflected in TB patients in China (Kamruzzaman, 2021; Ashenafi et al., 2022; Jiang et al., 2022). Therefore, this study considered age, BMI, ALB, and Hb as the core and easy-to-quantify indicators in the prediction model. These are important monitoring indicators for quantifying the intervention effects in high-risk patients initially diagnosed with primary PTB.

In demographic characteristics, drinking and HBV infection are also important risk predictors for death in the prognosis of in-hospital patients initially diagnosed with primary PTB because chronic alcohol and HBV reduce the expression of immune proteins in infected patients, further decreasing their immune function (Wigger et al., 2022). HBV infection cycle and the amount or frequency of drinking are positively correlated with TB susceptibility, indicating that both drinking and HBV infection are high-risk factors for the death of TB patients (Imtiaz et al., 2017; Echazarreta et al., 2018; Kang et al., 2021; Chen et al., 2022). In the later stage of standard anti-TB chemotherapy, as prescribed, the anti-TB drugs such as isoniazid (INH), rifampicin (RIF), and pyrazinamide (PZA) have hepatotoxic side effects for patients initially diagnosed with primary PTB. Drinking and HBV infection can exacerbate liver damage and increase fatality (Khan et al., 2021; Chou et al., 2022). Accordingly, to reduce the prognostic mortality of patients initially diagnosed with primary PTB, it is necessary to conduct routine lifestyle surveys and HBV screening before treatment to facilitate early clinical recognition, adjustment of therapeutic schemes, and disease management, further improving anti-TB treatment and reducing death outcomes.

One limitation of this study was that the evidence level of this retrospective study was relatively inferior. Second, the clinically relevant data and experimental parameters adopted in this study are only part of the clinical data of the patients, and other meaningful data may not be included. Further studies are required to widen the scope of these variables.




5 Conclusion

The constructed nomogram prognostic model verified that drinking, HBV, BMI, age, ALB, and Hb were the six independent risk predictors of death in hospital patients with primary PTB who were initially diagnosed. Consequently, the six risk predictors of in-hospital patients initially diagnosed with primary PTB must be screened, recognized, and intervened as early as possible to reduce patient mortality.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author.





Ethics statement

The studies involving human participants were reviewed and approved by The Ethics Committee of Xiangya School of Nursing, Central South University, approved this study. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.





Author contributions

DL and ST contributed to conception and design of the study. SL and LL organized the database. DL and HX performed the statistical analysis. DL wrote the first draft of the manuscript. All authors contributed to manuscript revision, read, and approved the submitted version.





Funding

The Science and Technology Program Foundation of Changsha (No. kq2004169); the Natural Science Foundation of Hunan Province (No. 2020JJ8044); the Scientific Research Funds of Health Commission of Hunan Province(No. 20201936).




Acknowledgments

We are grateful to Hunan Chest Hospital for its approval to search its clinical database.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcimb.2023.1179369/full#supplementary-material




References

 Acharya, B., Acharya, A., Gautam, S., Ghimire, S. P., Mishra, G., Parajuli, N., et al. (2020). Advances in diagnosis of tuberculosis: an update into molecular diagnosis of mycobacterium tuberculosis. Mol. Biol. Rep. 47 (5), 4065–4075. doi: 10.1007/s11033-020-05413-7

 Ali, M. H., Khan, D. M., Jamal, K., Ahmad, Z., Manzoor, S., and Khan, Z. (2021). Prediction of multidrug-resistant tuberculosis using machine learning algorithms in SWAT, Pakistan. J. Healthc Eng. 2021, 2567080. doi: 10.1155/2021/2567080

 Ashenafi, S., Bekele, A., Aseffa, G., Amogne, W., Kassa, E., Aderaye, G., et al. (2022). Anemia is a strong predictor of wasting, disease severity, and progression, in clinical tuberculosis (TB). Nutrients 14 (16), 3318. doi: 10.3390/nu14163318

 Bert-Dulanto, A., Alarcon-Braga, E. A., Castillo-Soto, A., and Escalante-Kanashiro, R. (2022). Predicting mortality in pulmonary tuberculosis: a systematic review of prognostic models. Indian J. Tuberc 69 (4), 432–440. doi: 10.1016/j.ijtb.2021.10.007

 Cao, K., Qi, L., and Huang, D. (2007). Guide to Clinical Diagnosis and Treatment of Tuberculosis. Chinese Journal of Practical Rural Doctors (01), 43–45.

 Chakaya, J., Petersen, E., Nantanda, R., Mungai, B. N., Migliori, G. B., Amanullah, F., et al. (2022). The WHO global tuberculosis 2021 report - not so good news and turning the tide back to end TB. Int. J. Infect. Dis 124 (2022), S26–S29. doi: 10.1016/j.ijid.2022.03.011

 Chen, J., Hubbard, A., Bagley, L., Shiau, R., Wong, R. J., and Chitnis, A. S. (2022). Prevalence of latent tuberculosis infection among persons with chronic hepatitis b virus infection: a systematic review and meta-analysis. Dig Dis. Sci. 67 (6), 2646–2654. doi: 10.1007/s10620-021-07056-5

 Chen, C., Lu, F. C., and Department of Disease Control Ministry of Health, P. R. C. (2004). The guidelines for prevention and control of overweight and obesity in Chinese adults. BioMed. Environ. Sci. 17 Suppl, 1–36.

 China, N.H.a.F.P.C.o.t.P.s.R.o. (2017). Diagnosis of pulmonary tuberculosis WS 288-2017. (Chinese Journal of Infection Control) 17 (07), 642–652.

 Chou, C., Veracruz, N., Chitnis, A. S., and Wong, R. J. (2022). Risk of drug-induced liver injury in chronic hepatitis b and tuberculosis co-infection: a systematic review and meta-analysis. J. Viral Hepat 29 (12), 1107–1114. doi: 10.1111/jvh.13751

 Cohen, S. B., Gern, B. H., and Urdahl, K. B. (2022). The tuberculous granuloma and preexisting immunity. Annu. Rev. Immunol. 40, 589–614. doi: 10.1146/annurev-immunol-093019-125148

 Dheda, K., Perumal, T., Moultrie, H., Perumal, R., Esmail, A., Scott, A. J., et al. (2022). The intersecting pandemics of tuberculosis and COVID-19: population-level and patient-level impact, clinical presentation, and corrective interventions. Lancet Respir. Med. 10 (6), 603–622. doi: 10.1016/S2213-2600(22)00092-3

 Dong, Z., Wang, Q. Q., Yu, S. C., Huang, F., Liu, J. J., Yao, H. Y., et al. (2022). Age-period-cohort analysis of pulmonary tuberculosis reported incidence, china 2006-2020. Infect. Dis. Poverty 11 (1), 85. doi: 10.1186/s40249-022-01009-4

 Du, Z. X., Chang, F. Q., Wang, Z. J., Zhou, D. M., Li, Y., and Yang, J. H. (2022). A risk prediction model for acute kidney injury in patients with pulmonary tuberculosis during anti-tuberculosis treatment. Ren Fail 44 (1), 625–635. doi: 10.1080/0886022X.2022.2058405

 Echazarreta, A., Zerbini, E., De Sandro, J., Saenz, C., Yessi, L., Saad, R., et al. (2018). Tuberculosis and comorbidities in urban areas in argentina. a gender and age perspective. Biomedica 38 (2), 180–188. doi: 10.7705/biomedica.v38i0.3904

 Eurosurveillance Editorial Team. (2013). WHO revised definitions and reporting framework for tuberculosis. Euro Surveill. 18(16), 20455.

 Guo, X., Yang, Y., Zhang, B., Cai, J., Hu, Y., and Ma, A. (2022). Nutrition and clinical manifestations of pulmonary tuberculosis: a cross-sectional study in Shandong province, China. Asia Pac J. Clin. Nutr. 31 (1), 41–48. doi: 10.6133/apjcn.202203_31(1).0005

 Hunter, R. L. (2018). The pathogenesis of tuberculosis: the early infiltrate of post-primary (Adult pulmonary) tuberculosis: a distinct disease entity. Front. Immunol. 9. doi: 10.3389/fimmu.2018.02108

 Imtiaz, S., Shield, K. D., Roerecke, M., Samokhvalov, A. V., Lonnroth, K., and Rehm, J. (2017). Alcohol consumption as a risk factor for tuberculosis: meta-analyses and burden of disease. Eur. Respir. J. 50 (1). doi: 10.1183/13993003.00216-2017

 Jabir, Y. N., Aniley, T. T., Bacha, R. H., Debusho, L. K., Chikako, T. U., Hagan, J. E. Jr., et al. (2022). Time to death and associated factors among tuberculosis patients in south West Ethiopia: application of shared frailty model. Diseases 10 (3). doi: 10.3390/diseases10030051

 Jamal, S., Khubaib, M., Gangwar, R., Grover, S., Grover, A., and Hasnain, S. E. (2020). Artificial intelligence and machine learning based prediction of resistant and susceptible mutations in mycobacterium tuberculosis. Sci. Rep. 10 (1), 5487. doi: 10.1038/s41598-020-62368-2

 Jiang, G., Du, X., Zhu, Y., Zhang, M., Qin, W., Xiong, T., et al. (2022). Value of postoperative serum albumin to predict postoperative complication severity in spinal tuberculosis. BioMed. Res. Int. 2022, 4946848. doi: 10.1155/2022/4946848

 Kamruzzaman, M. (2021). Is BMI associated with anemia and hemoglobin level of women and children in Bangladesh: a study with multiple statistical approaches. PloS One 16 (10), e0259116. doi: 10.1371/journal.pone.0259116

 Kang, W., Du, J., Yang, S., Yu, J., Chen, H., Liu, J., et al. (2021). The prevalence and risks of major comorbidities among inpatients with pulmonary tuberculosis in China from a gender and age perspective: a large-scale multicenter observational study. Eur. J. Clin. Microbiol. Infect. Dis. 40 (4), 787–800. doi: 10.1007/s10096-020-04077-2

 Khan, A. F., Sajjad, A., Mian, D. A., Tariq, M. M., Jadoon, U. K., Abbas, M., et al. (2021). Co-Infection with hepatitis b in tuberculosis patients on anti-tuberculosis treatment and the final outcome. Cureus 13 (4), e14433. doi: 10.7759/cureus.14433

 Kheirandish, M., Catanzaro, D., Crudu, V., and Zhang, S. (2022). Integrating landmark modeling framework and machine learning algorithms for dynamic prediction of tuberculosis treatment outcomes. J. Am. Med. Inform Assoc. 29 (5), 900–908. doi: 10.1093/jamia/ocac003

 Koo, H. K., Min, J., Kim, H. W., Lee, J., Kim, J. S., Park, J. S., et al. (2020). Prediction of treatment failure and compliance in patients with tuberculosis. BMC Infect. Dis. 20 (1), 622. doi: 10.1186/s12879-020-05350-7

 Kuan, M. M. (2022). Applying SARIMA, ETS, and hybrid models for prediction of tuberculosis incidence rate in Taiwan. PeerJ 10, e13117. doi: 10.7717/peerj.13117

 Li, R., Nordio, F., Huang, C. C., Contreras, C., Calderon, R., Yataco, R., et al. (2020). Two clinical prediction tools to improve tuberculosis contact investigation. Clin. Infect. Dis. 71 (8), e338–e350. doi: 10.1093/cid/ciz1221

 Li, J., Yang, T., Hong, C., Yang, Z., Wu, L., Gao, Q., et al. (2022). Whole-genome sequencing for resistance level prediction in multidrug-resistant tuberculosis. Microbiol. Spectr. 10 (3), e0271421. doi: 10.1128/spectrum.02714-21

 Liu, K., Ai, L., Pan, J., Fei, F., Chen, S., Zhang, Y., et al. (2022a). Survival analysis and associated factors for pulmonary tuberculosis death: evidence from the information system of tuberculosis disease and mortality surveillance in China. Risk Manag Healthc Policy 15, 1167–1178. doi: 10.2147/RMHP.S368593

 Liu, K., Li, T., Vongpradith, A., Wang, F., Peng, Y., Wang, W., et al. (2020). Identification and prediction of tuberculosis in Eastern China: analyses from 10-year population-based notification data in zhejiang province, China. Sci. Rep. 10 (1), 7425. doi: 10.1038/s41598-020-64387-5

 Liu, X., Lin, K. H., Li, Y. H., Jiang, J. N., Zhong, Z. D., Xiong, Y. B., et al. (2022b). Impacts of medical security level on treatment outcomes of drug-resistant tuberculosis: evidence from wuhan city, China. Patient Prefer Adherence 16, 3341–3355. doi: 10.2147/PPA.S389231

 Ma, L., Chen, X., and Gao, M. (2022). Analysis on the risk factors of malnutrition in type 2 diabetes mellitus patients with pulmonary tuberculosis. Infect. Drug Resist. 15, 7555–7564. doi: 10.2147/IDR.S381392

 Mohidem, N. A., Osman, M., Muharam, F. M., Elias, S. M., Shaharudin, R., and Hashim, Z. (2021). Prediction of tuberculosis cases based on sociodemographic and environmental factors in gombak, selangor, Malaysia: a comparative assessment of multiple linear regression and artificial neural network models. Int. J. Mycobacteriol 10 (4), 442–456. doi: 10.4103/ijmy.ijmy_182_21

 Muttamba, W., Tumwebaze, R., Mugenyi, L., Batte, C., Sekibira, R., Nkolo, A., et al. (2020). Households experiencing catastrophic costs due to tuberculosis in Uganda: magnitude and cost drivers. BMC Public Health 20 (1), 1409. doi: 10.1186/s12889-020-09524-5

 Natarajan, A., Beena, P. M., Devnikar, A. V., and Mali, S. (2020). A systemic review on tuberculosis. Indian J. Tuberc 67 (3), 295–311. doi: 10.1016/j.ijtb.2020.02.005

 Peetluk, L. S., Rebeiro, P. F., Ridolfi, F. M., Andrade, B. B., Cordeiro-Santos, M., Kritski, A., et al. (2022). A clinical prediction model for unsuccessful pulmonary tuberculosis treatment outcomes. Clin. Infect. Dis. 74 (6), 973–982. doi: 10.1093/cid/ciab598

 Peetluk, L. S., Ridolfi, F. M., Rebeiro, P. F., Liu, D., Rolla, V. C., and Sterling, T. R. (2021). Systematic review of prediction models for pulmonary tuberculosis treatment outcomes in adults. BMJ Open 11 (3), e044687. doi: 10.1136/bmjopen-2020-044687

 Ramakrishnan, J., Sarkar, S., Chinnakali, P., Lakshminarayanan, S., Sahu, S. K., Reshma, A., et al. (2021). Risk factors for death during treatment in pulmonary tuberculosis patients in south India: a cohort study. Indian J. Tuberc 68 (1), 32–39. doi: 10.1016/j.ijtb.2020.09.022

 Sahile, Z., Tezera, R., Haile Mariam, D., Collins, J., and Ali, J. H. (2021). Nutritional status and TB treatment outcomes in Addis Ababa, Ethiopia: an ambi-directional cohort study. PloS One 16 (3), e0247945. doi: 10.1371/journal.pone.0247945

 Sauer, C. M., Sasson, D., Paik, K. E., McCague, N., Celi, L. A., Sanchez Fernandez, I., et al. (2018). Feature selection and prediction of treatment failure in tuberculosis. PloS One 13 (11), e0207491. doi: 10.1371/journal.pone.0207491

 Sinha, P., Lakshminarayanan, S. L., Cintron, C., Narasimhan, P. B., Locks, L. M., Kulatilaka, N., et al. (2022). Nutritional supplementation would be cost-effective for reducing tuberculosis incidence and mortality in India: the ration optimization to impede tuberculosis (ROTI-TB) model. Clin. Infect. Dis. 75 (4), 577–585. doi: 10.1093/cid/ciab1033

 Tangri, N., and Kent, D. (2015). Toward a modern ern in clinical prediction :the TRIPOD sintement for reporting prediction models. Ame Kidney Dis. 65 (4), 530–533. doi: 10.1053/j-njkd.2014.12.005

 Wigger, G. W., Khani, D., Ahmed, M., Sayegh, L., Auld, S. C., Fan, X., et al. (2022). Alcohol impairs recognition and uptake of mycobacterium tuberculosis by suppressing toll-like receptor 2 expression. Alcohol Clin. Exp. Res. 46 (12), 2214–2224. doi: 10.1111/acer.14960

 Williams, V., Vos, A., Otwombe, K., Grobbee, D. E., and Klipstein-Grobusch, K. (2022). Epidemiology and control of diabetes - tuberculosis comorbidity in eswatini: protocol for the prospective study of tuberculosis patients on predictive factors, treatment outcomes and patient management practices. BMJ Open 12 (6), e059254. doi: 10.1136/bmjopen-2021-059254

 Zhang, Z., Zhang, H., and Lin, C. (2014). Interpretation of the fourth edition of the WHO Guidelines for the Treatment of Tuberculosis. J. Chin. Clin. Med. 8 (23), 4251–4253.

 Zhao, D., Zhang, H., Cao, Q., Wang, Z., He, S., Zhou, M., et al. (2022). The research of ARIMA, GM(1,1), and LSTM models for prediction of TB cases in China. PloS One 17 (2), e0262734. doi: 10.1371/journal.pone.0262734




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2023 Li, Tang, Lei, Xie and Li. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fcimb-13-1179369-g005.jpg
Actual Probability

10

08

06

04

02

00

04 06

Predicted Probability

08

10

o
o
o
o
a5
bl
108
o
1
1086
I
100
]
[

L T Ee

00 02 04 08 08
Prediced Probabiy

10






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A nomogram for predicting mortality of patients initially diagnosed with primary pulmonary tuberculosis in Hunan province, China: a retrospective study

      

        		

          Objective

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Research objects and methods

        

          		

            2.1 Research objects

          



          		

            2.2 Data collection

          



          		

            2.3 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Characteristics of research objects

          



          		

            3.2 Risk predictors for in-hospital patients initially diagnosed with primary PTB

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fcimb-13-1179369-g003.jpg
Points

Drinking

HBV

BMI

Age

Alb

Hb

Total Points
Linear Predictor

Risk

0 10 20 30 40 50 60 70 80 90 100
IS S UONET VSN M VS V" W— S VS U Y WA ———" T [ U W N T W A W TS S R T R TR T e e i .|

Yes
—

No Yes
r—l

NO ynderweight
—h

Normal

rr . T ST T
10 20 30 40 50 60 70 80 90

T T T T °:TQ™ ™™D T T T
70 65 60 55 50 45 40 35 30 25 20 15

SR T R T S Y T P P
170 140 110 90 70 50

ﬁﬁmﬁmﬁmﬁ'ﬁm
0 20 40 60 80 100 120 140 160 180 200 220

rr 7~ Trr 7T > > T T T T T T T
10, ~9 B = B =5 4 <8 2 4 0 1 2
5 S D L O D L L
0.001 0.01 0.05 0.1 0.20.30.40.50.60.7 0.8





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Survivors (n=1377) Non-survivors (n=72)

Variable Total (n=1449) P value
number (percentage) number (percentage)

Drug-resistant TB(DRTB)

No 1318 1253 (91%) 65 (90.3%)
1.000
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No 1144 1088 (79%) 56 (77.8%)
919
Yes 305 289 (21%) 16 (22.2%)
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Male 942 884 (64.2%) 58 (80.6%)
0.007
Female 507 493 (35.8%) 14 (19.4%)
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No 947 914 (66.4%) 33 (45.8%)
<0.001
Yes 502 463 (33.6%) 39 (54.2%)
Drinking
No 1107 1065 (77.3%) 42 (58.3%)
<0.001
Yes 342 312 (22.7%) 30 (41.7%)
Dust exposure
No 1358 1291 (93.8%) 67 (93.1%)
1.000
Yes 91 86 (6.2%) 5 (6.9%)
Hypertension
I
No 1319 1259 (91.4%) 60 (83.3%)
0.033
Yes 130 118 (8.6%) 12 (16.7%)
i
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No 1304 1244 (90.3%) 60 (83.3%)
0.084
Yes 145 133 (9.7%) 12 (16.7%)
Hepatitis B virus (HBV)
No 1406 1340 (97.3%) 66 (91.7%)
0.017
Yes 43 37 (2.7%) 6(8.3%)
Gastritis
I
No 1369 1300 (94.4%) 69 (95.8%)
0.801
Yes 80 77 (5.6%) 3 (4.2%)
§
Coronary heart disease (CHD)
No 1369 1300 (94.4%) 69 (95.8%)
0.801
Yes 80 77 (5.6%) 3 (4.2%)
Comorbidity
!
No 1087 1045 (75.9%) 42 (58.3%)
I 0.001
Yes 362 332 (24.1%) 30 (41.7%)
Bachelordom
No 361 348 (25.3%) 13 (18.1%) |
0.215
Yes 1088 1029 (74.7%) 59 (81.9%)
Health insurance
No 199 185 (13.4%) 14 (19.4%)
0.205
Yes 1250 1192 (86.6%) 58 (80.6%)
BMI (kg/m?)
Normal 937 905 (65.7%) 32 (44.4%)
Underweight 372 337 (24.5%) 35 (48.6%) <001
Overweight 140 135 (9.8%) 5 (6.9%)
Age, years 474 +17.6 464 +17.3 672 +12.5 <001
Albumin (ALB) (g/L) 40.9 £ 5.6 413 £ 54 350+ 54 <.001
Creatinine (Cr) (umol/L) 69.4 + 249 69.2+24.1 734 £ 32.0 0.273
Cholinesterase (CHE) (U/L) 7960.8 + 2426.9 8066.1 + 2422.0 5933.6 + 2745.4 <.001
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C-reactive protein (CRP) (mg/L) 259 + 438 249+ 418 434 +51.6 0.004
Lymphocyte count (Lym) (*10°/L) 1.6 £ 0.7 1.6+ 0.6 1.3+08 0.002
Hemoglobin (Hb) (g/L) 1224 £ 174 123.1£17.3 108.1 £17.2 <.001

Platelet count (PLT) (*10°/L) 2557 + 914 2544912 2802 + 126.8 0.093
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95%Cl 95%Cl
DRTB 109 0.49-2.42 836
Gender 231 1.28-4.18 0.01
Smoking 233 1.45-3.76 <0.001 1.56 0.85-2.85 0.15
Drinking 244 1.50-3.96 <0.001 197 1.08-3.60 0.03
Hypertension 213 1.12-4.08 0.02
Hepatitis B virus (HBV) 329 1.34-8.08 0.01 3.58 1.23-10.41 0.02
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BMI (kg/m?) '
Normal
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Age, years 110 1.07-1.12 <0.001 1.08 1.06-1.11 <0.001
Albumin (ALB) (g/L) 0.81 0.78-0.85 <0.001 0.90 0.84-0.96 0.00
Cholinesterase (CHE) (U/L) 1.00 1.00-1.00 <0.001
C-reactive protein (CRP) (mg/L) 1.01 1.00-1.01 <0.001 1.00 0.99-1.00 0.16
Lymphocyte count (Lym) (*10°/L) 0.42 0.27-0.66 <0.001
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CI, confidence interval; OR, odds ratio; p < 0.05.
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In-hospital patients in Hunan Chest Hospital from January 1, 2019 to December 31, 2019 (n=43,420)

41441 Cases excluded

1) Non-initially treated TB patients (n=38,359)

2) Non-primary PTB patients (n=2,165)

3) Patients severely with HIV/AIDS, benign or malignant tumor,
organ failure, etc. (n=106)

4) Patients taking cortin or drugs for long term prior to

hospitalization, which affected the lab-tested ALB, lymphocyte
count, etc. (n=43)

5) Pregnant or lactating women (n=27)

6) Age < 18 years old (n=368)

7) Hospital stay=<3 days (n=275)

8) Patients receiving improper treatment (n=98)

Cases whose baseline data were collected and received on the phone visit (h=1,979)

170 Cases excluded
1) Incomplete clinical baseline data (n=133)

2) Loss to follow-up (n=57)

Patients include in this study (n=1809)
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Total cohort (n=1809) Training set (n=1449) Validation set (n=360)
Variable

number (percentage) number (percentage) number (percentage)

Treatment outcomes
Survivors 1726 (95.4%) 1377 (95.1%) 348 (96.9%)
Non-survivors 83 (4.6%) 72 (4.9%) 12 (3.1%)

Drug-resistant TB(DRTB)

No 1635(90.4%) 1318(91.0%) 317(88.1%)
Yes 174(9.6%) 131(9.0%) 43(11.9%)
Relapse

No 1420(78.5%) 1144(79.0%) 276(76.7%)
Yes 389(21.5%) 305(21.0%) 84(23.3%)
Gender

Male 1157 (64.0%) 942 (65.0%) 215 (59.7%)
Female 652 (36.0%) 507 (35.0%) 145 (40.3%)
Smoking

No 1179 (65.2%) 947 (65.4%) 232 (64.4%)
Yes 630 (34.8%) 502 (34.6%) 128 (35.6%)
Drinking

No 1378 (76.2%) 1107 (76.4%) 271 (75.3%)
Yes 431 (23.8%) 342 (23.6%) 89 (24.7%)

Dust exposure

No 1688(93.3%) 1358 (93.7%) 33 (91.7%)
Yes 121 (6.7%) 91 (6.3%) 30 (8.3%)

Hypertension

No 1648(91.1%) 1319 (91.0%) 329 (91.4%)
Yes 161 (8.9%) 130 (9.0%) 31 (8.6%)

Diabetes

No 1618 (89.4%) 1304 (90.0%) 314 (87.2%)
Yes 191 (10.6%) 145 (10.0%) 46 (12.8%)

Hepatitis B virus (HBV)

No 1756 (97.1%) 1406 (97.0%) 350 (97.2%)
Yes 53 (2.9%) 43 (3.0%) 10 (2.8%)
Gastritis

No 1706 (94.3%) 1369 (94.5%) 337 (93.6%)
Yes 103 (5.7%) 80 (5.5%) 23 (6.4%)

Coronary heart disease (CHD)

No 1706 (94.3%) 1369 (94.5%) 337 (93.6%)
Yes 103 (5.7%) 80 (5.5%) 23 (6.4%)

Comorbidity

No 1348 (74.5%) 1087 (75.0%) 261 (72.5%)
Yes 461 (25.5%) 362 (25.0%) 99 (27.5%)

Bachelordom
No 445 (24.6%) 361 (24.9%) 84 (233%)
Yes 1364 (75.4%) 1088 (75.1%) 276 (76.7%)

Health insurance

No 251 (13.9%) 199 (13.7%) 52 (14.4%)
Yes 1558 (86.1%) 1250 (86.3%) 308 (85.6%)
BMI (kg/m?)

Normal 1196 (66.1%) 937 (64.7%) 259 (71.9%)
Underweight 444 (24.5%) 372 (25.7%) 72 (20%)
Overweight 169 (9.3%) 140 (9.6%) 29 (8.1%)
Age, years 47.59 + 17.65 4744 £ 17.62 48.18 + 16.55
Albumin (ALB) (g/L) 40.90 + 5.61 4095 + 555 4074 + 522
Creatinine (Cr) (umol/L) 69.26 + 25.31 69.43 + 2493 68.60 + 25.16
Cholinesterase (CHE) (U/L) 7964.37 + 2453.63 7960.79 + 2426.87 7981.94 + 2479.55
Total cholesterol (TC) (mmol/L) 429 +1.02 428 + 1.00 432 +0.99
C-reactive protein (CRP) (mg/L) 25.99 + 43.04 25.85 + 43.78 2656 + 38.18
Lymphocyte count (Lym) (*10°/L) 1.60 £ 0.66 1.59 £ 0.67 1.63 + 0.65
Hemoglobin (Hb) (g/L) 122.32 + 17.66 122,40 + 17.42 122.20 + 18.14

Platelet count (PLT) (*10°/L) 253.73 + 9158 255.70 + 9140 245.80 + 88.97





