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Background: The growth of antibiotic resistance to Mycobacterium TB represents a major barrier to the goal of “Ending the global
TB epidemics”. This study aimed to develop and validate a simple clinical scoring system to predict the unfavorable treatment
outcomes (UTO) in multidrug- and rifampicin-resistant tuberculosis (MDR/RR-TB) patients.

Methods: A total of 333 MDR/RR-TB patients were recruited retrospectively. The clinical, radiological and laboratory features were
gathered and selected by lasso regression. These variables with area under the receiver operating characteristic curve (AUC)>0.6 were
subsequently submitted to multivariate logistic analysis. The binomial logistic model was used for establishing a scoring system based
on the nomogram at the training set (N = 241). Then, another independent set was used to validate the scoring system (N = 92).
Results: The new scoring system consists of age (8 points), education level (10 points), bronchiectasis (4 points), red blood cell
distribution width-coefficient of variation (RDW-CV) (7 points), international normalized ratio (INR) (7 points), albumin to globulin
ratio (AGR) (5 points), and C-reactive protein to prealbumin ratio (CPR) (6 points). The scoring system identifying UTO has
a discriminatory power of 0.887 (95% CI=0.835-0.939) in the training set, and 0.805 (95% CI=0.714-0.896) in the validation set. In
addition, the scoring system is used exclusively to predict the death of MDR/RR-TB and has shown excellent performance in both
training and validation sets, with AUC of 0.930 (95% CI=0.872-0.989) and 0.872 (95% CI=0.778-0.967), respectively.
Conclusion: This novel scoring system based on seven accessible predictors has exhibited good predictive performance in predicting
UTO, especially in predicting death risk.
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Introduction
Currently, MDR/RR-TB remains a significant challenge in the global TB control process. The growth of antibiotic
resistance to Mycobacterium TB also represents a major barrier to the goal of “Ending the global TB epidemics”.'~
According to the World Health Organization (WHO) Global TB report in 2022, 0.45 million new cases were diagnosed
as RR-TB, including 141,953 cases of MDR-TB and 25,038 cases of pre-XDR-TB or XDR-TB. However, only about
one-third of patients diagnosed with MDR/RR-TB are admitted to treatment each year. The MDR/RR-TB therapy
success rate was about 60%. The global DR-TB epidemic has been exacerbated by poor treatment results and limited
access to MDR/RR-TB therapy.

China is one of the nations with a high prevalence of MDR/RR-TB, and the epidemic of MDR/RR-TB is very serious.
Although the cumulative number of MDR/RR-TB individuals enrolled in treatment rank first in the world, the average
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success rate of treatment in China is only 54% due to high costs, prolonged treatment regimens and drug adverse events,
far below the WHO’s target of at least 75% recovery rate.’

In recent years, to improve the success rate of treatment, some studies have attempted to identify the poor prognosis
of individuals with MDR-TB by constructing predictive models,*® but the predictive performance was moderate. In
addition to the regional variability of study participants, these clinical studies have not created a quick and user-friendly
scoring system for physicians to utilize in clinical settings. Thus, it is essential to design a simple and practical approach
for early identifying individuals with poor prognoses in the treatment of MDR/RR-TB.

Based on the situation of MDR/RR-TB treatment success rate and shortcomings in previous studies, our goal in this study was
to establish an efficient scoring system to predict the UTO of MDR/RR-TB patients. Considering that some laboratory parameters
often available in clinical practice (eg C-reactive protein(CRP), hemoglobin(Hb), albumin(Alb), RDW-CV, AGR, etc.) have
proven to be valuable in the prediction of TB activity” and prognosis® 2 in previous studies. Additionally, the coagulation function
in TB is receiving more and more attention.'* '* The interaction between the coagulation system and inflammation is ultimately
associated with increased mycobacterium tuberculosis replication.'* In this study, these laboratory parameters potentially relevant
to treatment outcomes were the first time incorporated to develop the scoring system. Moreover, we exclusively apply the scoring
system to predict death risk in MDR/RR-TB patients.

Materials and Methods
Patients and Study Design

MDR/RR-TB cases with long-course treatment were enrolled retrospectively at the Wuhan Jinyintan Hospital, Tongji
Medical College, Huazhong University of Science and Technology (Infectious Disease Hospital). The inclusion criteria
were: (1) Mycobacterium tuberculosis culture positive or nucleic acid amplification (NAA) assays (such as PCR and
GeneXpert MTB/RIF) positive; (2) rifampin resistance as confirmed by a drug susceptibility testing (DST) or GeneXpert
MTB/RIF, includes rifampin-resistant (RR-TB), multidrug-resistant tuberculosis (MDR-TB), and extensively drug-resis-
tant tuberculosis (XDR-TB). The exclusionary criteria were as follows: (1) patients with MDR-TB who had died before
receiving MDR therapy; (2) non-tuberculous mycobacteria infection; (3) Patients receiving short courses of treatment;
(4) lost to follow-up or missing information.

According to the treatment recommendations and guidelines for drug-resistant TB,'® drug-resistant TB experts
prescribe treatment regimens based on drug sensitivity results, financial situation, and treatment history. These regimens
are constructed utilizing a hierarchy of suggested medications, with a minimum number of medications thought to be
effective. The duration of the treatment program varies between 18 and 24 months, depending on the clinical outcome
and results of follow-up cultures.

All participants were split into training and validation cohorts in a 2:1 ratio using SPSS software (version 20.0; IBM,
Chicago, IL, USA). 33.3% of those with MDR/RR-TB are in the validation cohort, while 66.7% are in the training
cohort. In the training cohort, a prediction model and scoring system for MDR/RR-TB treatment outcomes were
developed. The score system’s predictive capabilities were subsequently confirmed in a validation cohort.

Data Collection

Baseline data of each individual was extracted through the Electronic Medical Record System before treatment began as
follows: demographic characteristics (age, gender, education level, etc.), radiological features (bronchiectasis, pulmonary
cavity, pleural effusion) and laboratory indexes. Moreover, several ratios, including C-reactive protein to prealbumin
ratio (CPR), platelet to lymphocyte ratio (PLR), and albumin to globulin ratio (AGR) were calculated and incorporated in
this study. Treatment outcomes of DR-TB patients were obtained at the national electronic case registry.

Definition

Determination of the end-of-treatment outcomes followed WHO classification of outcomes.'” Unfavorable treatment
outcomes (UTO) were defined as death and treatment failure. Favorable treatment outcomes (FTO) were defined as being
cured or having completed treatment. Other definitions were shown in the Supplementary Materials.
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Statistical Analysis
77 variables were enrolled after excluding those with more than 10% lacking values (Supplementary Table 1). The

remaining missing values were imputed with the missForest algorithm. Categorical variables were presented as
a number with percentages and compared with Chi-square test and Fisher’s exact test. The continuous variables
were presented as the mean with standard deviation or median (interquartile range, IQR) and compared with
Student’s #-test or Mann—Whitney U-test. The steps to construct the model are as follows: (1) Variables
transformation: Continuous variables in the training set were converted into binary variables using the cut-off
values found in receiver operating characteristic (ROC) curves. (2) Variables selection: (DTo avoid co-linearity
and over-fitting, Least Absolute Shrinkage and Selection Operator (LASSO) regression was performed to find
optimal variables for constructing the model; (2)Optimal variables with an AUC>0.6 were regarded as candidate
variables for the model. (3) Nomogram construction: The candidate variables were submitted to multivariate
logistic analysis to develop a prediction model. Then, the prediction model was transformed into a nomogram
using the “rms package” of R studio software (version 4.20). (4) Scoring system construction: A scoring system
was built according to the regression coefficient of each parameter in the multivariate logistic analysis. The scores
of each variable were obtained by the following methods: (DVariables scoring: the variable in the logistic
regression analysis with the highest coefficient was defined as 10 points (education level in this study). Scores
for the other variables were determined by equating, with final rounding to integers. (2)Patients scoring: the scores
of each patient were the sum of the scores of all variables in the scoring system (points= age*8+education
level*10 +bronchiectasis*4 +RDW-CV*7 +INR*7+AGR*5+ CPR*6). (5) Evaluation of the scoring system: ROC
analysis, calibration curve, and decision curve analysis (DCA) were used for evaluating the predictive power of
the scoring system. (6) Determining the cut-off value of the scoring system: The ROC analysis was used to find
the optimal cut-off score, corresponding to the highest Youden index, to distinguish FTO from UTO.

All the statistical analysis was conducted by SPSS (version 20.0; IBM, Chicago, IL, USA) and R software version
4.20 (http://www.rproject.org). Two-sided P <0.05 was considered statistically significant.

Result

Study Population

A total of 470 participants from Wuhan Jinyintan Hospital were diagnosed with MDR/RR-TB. 333 MDR/RR-TB
patients complied with the eligibility standards, including 68 RR-TB patients, 252 MDR-TB patients and 13 XDR-
TB patients. Of the 333 cases, 50 showed treatment failure, 42 died, 122 were cured, and 119 completed their
treatment. Furthermore, the training set was randomly assigned to about 66.7% of the participants (N = 241), while
the validation set was given to the remaining patients (N = 92). Figure 1 lists a detailed flowchart of the participant
selection process. As shown in Table 1, there is no significant differences in the sociodemographic characteristics
(such as age and education levels), radiological features (such as bronchiectasis) and treatment outcomes between
the training and validation sets. In addition, the distribution of the laboratory indicators in the model between the
training and validation sets is shown in Supplementary Table 2. The results indicate that our randomly assigned data

sets are mutually independent.

Construction of a Nomogram and Scoring System

A total of 14 variables were selected After performing LASSO regression (Figure 2). 13 variables with AUC of more
than 0.6 were submitted to multivariate regression analysis to build a highly accurate prediction model (Supplementary
Table 3). Seven key variables (Age, education levels, bronchiectasis, RDW-CV, INR, AGR, CPR) were chosen to
construct the prediction model (Table 2). Incorporating these predictive markers, the nomogram was built based on
multivariate regression analysis (Figure 3A). Drawing a vertical line straight up from the matching value of the predictive
factor to an axis labeled “Points” would reveal the risk point for each factor in the nomogram. The predictive nomogram
demonstrated high discrimination (AUC = 0.888; 95% CI: 0.836—-0.940) (Figure 3B) and reliable calibration (Figure 3C).
The nomogram’s net benefit and predictive power were assessed using the decision curve analysis and calibration curves.
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Figure | Flowchart of participant selection and the performance of the steps.
Abbreviations: MDR/RR-TB, multidrug- and rifampicin-resistant tuberculosis; UTO, unfavorable treatment outcomes; LASSO, least absolute shrinkage and selection
operator; AUC, area under curve.

As shown in Figure 3D, MDR/RR-TB patients would benefit from using this predictive nomogram with a threshold
probability 0.26.

Considering the clinical application, we established a novel scoring system based on this well-performing nomogram
with integer points: age (8 points), education level (10 points), bronchiectasis (4 points), RDW-CV (7 points), INR
(7 points), AGR (5 points) and CPR (6 points) (Table 3).

Predictive Performance of the Scoring System in the Training Set and Validation Set

We obtain the appropriate cut-off points through the maximum Youden index. When the total points >19 points, drug-
resistant TB patients were more likely to have a poor prognosis after treatment. And the sensitivity and specificity of the
scoring system were 0.831 and 0.834(Supplementary Table 4). Additionally, the AUC values of this scoring system for
predicting UTO were 0.887 (95% CI=0.835-0.939) in the training set, 0.805 (95% CI=0.714-0.896) in the validation set
(Figure 4A). Furthermore, this scoring system also demonstrated satisfactory calibration in the training set (Figure 4B)

and validation set (Figure 4C), indicating that there was no discernible discrepancy between the expected probability and
the actual probability.
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Table 1 Comparisons of Sociodemographic Characteristics and Radiological Features in Training and Validation Sets

Features Training Set (N = 228) P Validation Set (N = 378) P P
FTOG (N=169) | UTOG (N =59) FTOG (N =72) | UTOG (N = 33)

Age 52.54+12.50 38.69+14.68 <0.001 52.24+13.33 40.86+15.34 <0.001 | 0.235
Gender

Female 42 8 23 9

Male 127 51 0.071 49 24 0.629 | 0.093
Treatment outcome* 0.224

Death / 24 / 18

Failure 35 15

Completed treatment 79 / 40 /

Cured 90 / 32 / 0.353

Past history
Educational Level

High Level 143 32 60 20

Low Level 26 27 <0.001 12 13 0.011 091
Treatment history*

Initial treatment 57 Il 20 7

Retreatment 112 48 0.029 52 26 0.475 0.44
Smoking

Yes 62 29 26 21

No 107 30 0.092 46 12 0.008 | 0.404
Drinking

Yes 15 15 10 I

No 154 44 0.001 62 22 0.021 | 0.107
Residence

Wuhan 50 14 24 9

Other residence 119 45 0.389 48 24 0.535 | 0.531

Underlying condition or
illness
Diabetes mellitus

Yes 20 9 13 10

No 149 50 0.497 59 23 0.159 | 0.032
HIV infection

Yes 4 | | |

No 165 58 0.762 71 32 0.568 | 0.865

Pulmonary imaging
Bronchiectasis

Yes 53 32 21 18

No 116 27 0.002 51 15 0.012 | 0.981
Pulmonary cavity

Yes 99 45 50 27

No 77 14 0.015 22 6 0.183 | 0.068
Pleural effusion

Yes 21 8 12 10

No 148 51 0.822 60 23 0.111 | 0.053
Test methods

DST 52 17 19 I

Xpert-TB/RIF 117 42 0.778 53 22 0.465 | 0.754
Drug sensitivity results

Rifampicin (R) 169 59 0.554 72 33 0.496 | 0.573

Isoniazid (H) 136 47 0.893 53 26 0.568 | 0.298

(Continued)
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Table | (Continued).

Features Training Set (N = 228) P Validation Set (N = 378) P P
FTOG (N=169) | UTOG (N =59) FTOG (N =72) | UTOG (N = 33)
Ethambutol (E) 57 20 0.981 29 12 0.703 | 035
Kanamycin (Km) I 3 0.695 2 3 0.158 | 0.614
Ofloxacin (Ofx) 51 28 0.016 23 I 0.888 | 0.685
Categories*
RR-TB 29 12 18 9
MDR-TB 131 46 52 23
XDR-TB 9 [ 0.458 2 | 0.965 | 0.234

Notes: *Definitions were shown in the Supplementary Material. Educational Level: high level, have completed nine years of compulsory education; low level, have not
completed nine years of compulsory education.
Abbreviation: DST, drug susceptibility testing.

Predictive Performance of the Scoring System for Predicting the Death of MDR/
RR-TB Patients

As clinicians are often concerned about the death of MDR/RR-TB patients, we applied the scoring system to analyze this
particular subgroup. Satisfyingly, this scoring model showed good discriminatory power to predict the occurrence of
death with the AUC 0.930 (95% CI= 0.872—0.989) in the training set (Figure 5A) and 0.872 (95% CI=0.778-0.967) in
the validation set (Figure 5B). In addition, the scoring system also showed a good calibration to the predict death risk of
DR-TB in two sets (Figure 5C and D).

Discussion

MDR/RR-TB is one of the most difficult barriers to ending TB worldwide. Early identification and intervention of
individuals with drug-resistant TB at high risk of poor prognosis can help avoid unfavorable treatment outcomes to
achieve the WHO goal of ending TB. In this study, the success rate of ATT for MDR/RR-TB is approximately 69%,
which is similar to the reports in Xi’an'® and Zhejiang,'” China.

68 62 51 39 35 29 19 14 7 5 2 0 0 0 O 77 62 35 19 4 0
o _|
o -
§ < - 0
g 2
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5 g
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Figure 2 Variables selection using the LASSO regression analysis with 10-fold cross-validation.

Notes: (A) Tuning parameter (lambda) selection of deviance in the LASSO regression based on the minimum criteria (left dotted line) and the |-SE criteria (right dotted
line). (B) A coefficient profile plot was created against the log (lambda) sequence. In the present study, Variable’s selection was according to the |-SE criteria.
Abbreviations: LASSO, least absolute shrinkage and selection operator; SE, standard error.

230 hetps: Infection and Drug Resistance 2023:16

Dove!


https://www.dovepress.com/get_supplementary_file.php?f=397304.docx
https://www.dovepress.com
https://www.dovepress.com

Dove Yan et al

Table 2 Multivariate Regression Analysis of Significant Parameters in the Training Set

Variables p Coefficient | Standard Error | P-values | OR 95% CI P-values
Upper | Lower
Age 1.516 0.435 0 4.552 1.942 10.668 0
Education level —1.987 0.478 0 0.137 | 0.054 0.35 0
Bronchiectasis 0.857 0.429 0.046 2.355 1.017 5.455 0.046
RDW-CV 1.307 0.445 0.003 3.694 1.543 8.842 0.003
INR 1.31 0.429 0.002 3.708 1.598 8.6 0.002
AGR —0.973 0.455 0.033 0.378 | 0.155 0.922 0.033
CPR 1.192 0.461 0.0l 3.294 1.335 8.129 0.01

Abbreviations: RDW-CV, red blood cell distribution width-coefficient of variation; INR, international normalized ratio; AGR,
albumin-to-globulin ratio; CPR, CRP-to- prealbumin ratio.

In the present studies, LASSO regression and ROC analysis were used to screen the variables. After multivariate
logistic regression analysis, seven effective predictors (age, education levels, bronchiectasis, RDW-CV, INR, AGR, CPR)
were further selected to build the model, which allowed a potentially robust and reliable model to be developed.

Age with 8 points is an important parameter in our model. In the present study, MDR-TB patients older than 45 years
old were more likely to have a poor treatment outcome, suggesting that we need to pay attention to the management of
other diseases in elderly patients during the treatment process. These results are consistent with previous studies that have
shown a higher probability of comorbid disease, adverse effects and death with increasing age.'® >* In addition, our study
pointed out that patients with lower levels of education (10 points) had the greatest risk of UTO during treatment. The
possible reason for this is that treatment of drug-resistant TB requires more financial support, and financial status is
correlated with education level,>*** which is higher in those who have completed education than in those who have not.
In addition, patients with higher levels of education can gain more knowledge about TB and improve treatment
adherence.”>*® Radiological data such as chest Computed Tomography (CT) can provide important evidence for the
diagnosis of TB patients, and we set bronchiectasis as one of the variables to predict treatment outcomes. In the Asia-
Pacific region, infections such as tuberculosis are the main cause of bronchiectasis,”” which would lead to the progression
of the disease owing to combined Pseudomonas aeruginosa infection and reduced microflora diversity.*®

In order to further improve the predictive accuracy, in the present study, 60 laboratory markers were evaluated,
including major parameters often used in clinical settings and efficient ratio indicators, such as CPR and NLR. Recently,
CPR and NLR are newly discovered markers of inflammation that are simpler, easier to measure, and relatively stable
compared to other inflammatory markers. Recent research has also demonstrated that CPR and NLR could predict the
prognosis of COVID-19.%° And higher levels of CPR in gastric cancer patients after radical resection had a higher risk for
recurrence.’” It is worth noting that there is no study focusing on CPR in TB patients. Our study revealed that CPR and
NLR had great predictive power for UTO, as evidenced by AUC values of 0.730 and 0.680, respectively. Lou et al
showed that prealbumin and C-reactive protein had significant associations with poor prognosis in anemic TB patients,'?
which was roughly consistent with our research. Additionally, prealbumin could be a sensitive indicator of anemia and

132 and C-reactive protein has also been discovered to be an effective biomarker for TB-HIV screening.™

malnutrition,

In addition to inflammation-related indicators, parameters related to anemia (RDW-CV), malnutrition (AGR), and
coagulation (INR) are also included in the scoring system. RDW-CV was proven to have significant associations with
poor prognosis in anemic TB patients.'> Moreover, the lower albumin to globulin ratio (AGR) may be used to predict
unfavorable outcomes due to the links between immunoreactivity and malnutrition.'' The role of coagulation function in
TB has attracted increasing attention. Wang et al found that aspirin enhanced the clinical benefit of the treatment in
patients with tuberculosis combined with type 2 diabetes mellitus.>* Previous studies have suggested that the levels of
APTT and Fbg in TB patients are higher than those in the control group.'® Even, decreased Fbg values were observed
after the anti-tuberculosis therapy.'® In addition, Fbg could evaluate early treatment response in HIV/MDR-TB coinfec-
tion patients.*® In the present study, we first found that INR could predict the UTO of MDR/RR-TB, and the AUC value

was 0.630.
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Figure 3 Calibration and clinical use of a nomogram for the prediction of UTO in MDR/RR-TB.
Notes: (A) Nomogram for predicting UTO in MDR/RR-TB. (B) ROC curve of the nomogram. (C) Calibration curve of the nomogram. (D) DCA of the nomogram.
Abbreviations: UTO, unfavorable treatment outcomes; MDR/RR-TB, multidrug- and rifampicin-resistant tuberculosis.

Finally, to develop a scoring system, we transformed the model into a scoring system and created a user-friendly clinical tool.
Compared with clinical features, laboratory examination indicators can not only explain the possible underlying mechanisms but
also greatly improve predictive efficiency. Our scoring system predicted UTO (AUC=0.887, 95% CI =0.835-0.939) and death
(AUC=0.930, 95% CI=0.872-0.989) with high accuracy. MDR/RR-TB patients could get improved risk classification. And
according to the performance of clinical decision curves, predictive models can help clinicians make better decisions. Generally,
the indicators involved in the scoring system are easy to obtain at the designated specialist hospital for tuberculosis and the cost is

acceptable. We recommend the use of our scoring system in primary TB hospitals because of its simplicity and practicality.
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Table 3 A Scoring System Developed from a Nomogram of the Training Set

Variables Score Generated from Score Modified from
Nomogram (Points) Nomogram (Points)

Age (247) 7.63 8

Education level (Low level) 10 10

Bronchiectasis (Yes) 4.31 4

RDW-CV (213.9) 6.58 7

INR (21.05) 6.59 7

AGR (<1.12) 49 5

CPR (20.1502) 5.99 6

Abbreviations: RDW-CV, red blood cell distribution width-coefficient of variation; INR, international
normalized ratio; AGR, albumin-to-globulin ratio; CPR, CRP-to- prealbumin ratio.

Through this user-friendly model, clinicians can quantitatively determine individual prognoses, provide personalized guidance
and treatment, and improve the success rate of treatment for MDR/RR-TB patients. In particular, to our knowledge, this is the first
predictive scoring model for the treatment outcomes of MDR/RR-TB patients.

In recent years, with the development of analytical approaches, the construction of mathematical models based on
multiple markers has been increasingly applied in the field of

medicine. Khan et al developed artificial neural networks to predict tuberculosis disease.*® As for drug-resistant tuberculosis,
clinical mutants such as RpsA-S324F could offer valuable information for better management of drug-resistant tuberculosis.>’
However, single mutants provide less information, and are inconvenient and expensive to use in clinical settings. In addition,
limited studies attempt to help clinicians make decisions by developing a prediction model to predict poor treatment outcomes of
DR-TB patients. Denekew et al* developed a nomogram to predict UTO in MDR-TB patients based on anemia, adverse events,
comorbidity, age, marriage status, and treatment supporter. The AUC of the nomogram was 0.753 (95% CI=0.708-0.798).
Similarly, Luiz et al’ also used clinical features to establish a nomogram to identify death, default, and failure in MDR-TB patients.
However, the AUC of the nomogram was unsatisfactory. In addition to the exploration of UTO in DR-TB patients, Indian
researchers constructed a model to forecast poor treatment outcomes in TB-HIV co-infection patients, with an AUC of 0.78.
Treatment history, TB type (pulmonary or extrapulmonary or both), and baseline smear results (negative or positive) were enrolled
in the model. Unfortunately, Although the clinical characteristics and parameters required by the above methods are readily
available, further applications are limited by suboptimal predictive power.

Compared with other models, our scoring system has several advantages. Firstly, in previous studies, most
models included only clinical feature variables (eg, adverse events, comorbidities, age, marital status, and
treatment supporters) and thus obtained moderate predictive power. As the results showed, our predictive scoring
system is more accurate than previous studies. Secondly, in addition to some clinical and radiological features, the
predictive scoring system innovatively incorporates laboratory indicators (inflammatory, nutritional and coagula-
tion indicators). These indicators of the scoring system provide a more comprehensive indication of the baseline
status of MDR/RR-TB patients, thus providing targeted guidance to the patients. For example, we can optimize
nutritional status and improve hyperinflammatory states, thereby minimizing mortality in MDR/RR-TB patients.
Thirdly, our scoring system facilitates clinical use by calculating scores, especially in economically poor areas or
primary hospitals. Last but not least, our scoring system has a remarkable performance power in predicting death
due to MDR/RR-TB. When patients are at greater risk of UTO, especially death, they should be advised to go to
a high-level hospital for further treatment, which will reduce the mortality rate, time cost and financial loss, and
improve the treatment success.

However, the current study is not exempt from some limitations. Firstly, the sample size of our studies was relatively
small for objective reasons, and future studies will require larger and multicenter sets to further improve the model.
Additionally, some studies showed that culture conversion status may be a potential factor related to the treatment

outcomes,*®*? but we did not include the variable because of the extensive absence of cultivation information.
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Figure 4 Discrimination and calibration of the scoring system for the prediction of UTO in MDR/RR-TB.
Notes: ROC curves of the scoring system in the training set (A) and validation set (B). Calibration curves of the scoring system in the training set (C) and validation set (D).
Abbreviations: UTO, unfavorable treatment outcomes; MDR/RR-TB, drug-resistant tuberculosis.

Conclusion
Our findings suggest that age, education level, bronchiectasis, RDW-CV, INR, AGR and CPR were valuable to predict
unfavorable treatment outcomes in DR-TB patients, especially in predicting death risk. The use of our scoring system in

clinical practice will help identify these populations for tailored management to prevent poor events.

Data Sharing Statement

The datasets used in this study are obtainable from the corresponding author on reasonable request.
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Figure 5 Discrimination and calibration of the scoring system for the prediction of death in MDR/RR-TB.
Notes: ROC curves of the scoring system in the training set (A) and validation set (B). Calibration curves of the scoring system in the training set (C) and validation set (D).
Abbreviations: UTO, unfavorable treatment outcomes; MDR/RR-TB, multidrug- and rifampicin-resistant tuberculosis.
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