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Background: Multidrug-resistant tuberculosis (MDR-TB) is a global problem and a health security threat, which makes “Ending the
global TB epidemic in 2035” unachievable. Globally, the unfavourable treatment outcome remains unacceptably high. Therefore, this
study aimed to develop a risk prediction model for unfavorable treatment outcomes in MDR-TB patients, which can be used by
clinicians as a simple clinical tool in their decision-making.

Objective: The objective of this study was to develop and validate a risk prediction model for the prediction of unfavorable treatment
outcomes among MDR-TB patients in North-West Ethiopia.

Methods: We used MDR-TB data collected from the University of Gondar and Debre Markos referral hospitals. A retrospective follow-up
study was conducted and a total of 517 patients were included in the study. STATA version 16 statistical software and R version 4.0.5 were used
for the analysis. Descriptive statistics were carried out. A multivariable model was fitted using all potent predictors selected by the lasso
regression method. A simplified risk prediction model (nomogram) was developed based on the binomial logit-based model, and its
performance was described by assessing its discriminatory power and calibration. Finally, decision curve analysis (DCA) was done to evaluate
the clinical and public health impact of the developed model.

Results: The developed nomogram comprised six predictors: baseline anemia, major adverse event, comorbidity, age, marital
status, and treatment supporter. The model has a discriminatory power of 0.753 (95% CI: 0.708, 0.798) and calibration test of
(P-value = 0.695). It was internally validated by bootstrapping method, and it has a relatively corrected discrimination
performance (AUC = 0.744, 95CI: 0.699, 0.788). The optimism coefficient was found to be 0.009. The decision curve analysis
showed the net benefit of the model as threshold probabilities varied.

Conclusion: The developed nomogram can be used for individualized prediction of unfavorable treatment outcomes in MDR-TB patients for
it has a satisfactory level of accuracy and good calibration. The model is clinically interpretable and was found to have added benefits in clinical
practice.
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Background
Tuberculosis (TB) is caused by the bacillus mycobacterium tuberculosis, and it is one of the top infectious killers globally.'~
Multi-drug-resistant tuberculosis (MDR-TB) is a serious clinical condition that remains a global public health concern.'
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The global MDR-TB crisis is the result of low access to treatment for MDR-TB and poor treatment outcomes.
According to the WHO report of 2020, only 1 in 3 MDR-TB patients accessed treatment of half a million people who fell
ill with it in 2019." Another condition which makes MDR-TB a global health security threat is the low global treatment
success rate and the emergence of XDR-TB mostly as a result of treatment failure in MDR-TB patients. The disease also
results in job and income loss. The combination of lost income and extra costs is generally catastrophic for the affected
individuals and their families. Studies showed that 38-92% of patients reported income loss and 26—76% of TB patients
lost their jobs due to unfavorable outcomes of MDR-TB, further worsening the financial problem.'?

The current global pandemic, coronavirus disease-19 (COVID-19), may reverse the whole progress made so far for
the “Ending the global TB epidemic” come true.! The Stop TB partnership study suggested that the COVID-19 pandemic
could cause an additional 6.3 million TB cases globally between 2020 and 2025.° Predictions made regarding the impact
of COVID-19 on TB showed that the burden of global TB disease and associated outcomes may go to the level that it
was in 2012 and 2015."° The condition is more frightening when it comes to MDR-TB. This impact of COVID-19
together with the global low level of MDR-TB treatment success rate will make MDR-TB a more serious threat to
mankind, possibly more so than it has ever been before.

Globally, only 57% of MDR-TB patients are successfully treated.' Africa is one of the WHO regions where the
high burden of MDR-TB (25% new cases) is found next to the WHO Southeast Asian region (44% of new cases).
The 85-89% of the global burden of MDR-TB is found in 30 High Burden Countries (HBCs) identified by WHO.'~

The WHO 2016 global report had put Ethiopia as one of the HBCs for MDR-TB and TB/HIV co-infection.*
However, Ethiopia has good achievements in fighting against tuberculosis disease.” Between 2012 and 2013 culture
DST services expanded to different regional laboratories across the country to increase case finding and prompt
treatment initiation. By the end of 2016, a total of 46 MDR-TB initiation centers (TIC) and 658 TFCs were functional
where the country had been implementing a decentralized ambulatory MDR-TB treatment service delivery model.’

Despite the implementation of different tuberculosis-related programs so far, to bring MDR-TB under control, it
remains to be a threat for Ethiopia with its unacceptably high level of unfavorable treatment outcomes ranging from
12.5% to 45.1% in different health institutions across the country.®'® As WHO 2020 global report revealed the country
has annual estimated cases of above 3300." In the country, there is an increasing trend of MDR-TB, low notification and
treatment of MDR-TB compared to the estimated percentage of new cases, and an unacceptably high level of unfavour-
able treatment outcomes among MDR-TB patients contributing to the emerging of XDR-TB which is difficult for the
health system to manage and the affected individuals to cope-up and survive.''?

Studies identified different predictors of unfavourable treatment outcomes among MDR-TB patients. Older age,
baseline alcohol use, illicit drug use, pulmonary TB (PTB) with extra pulmonary involvement, cavitary disease, culture-
positive at baseline, relapsed TB, treatment non-compliance, previous TB treatment, longer treatment duration, diagnosis
during hospitalization or in the emergency unit, adverse events, and history of second-line drug resistance are among
significant predictors.®®%'32* Studies have also shown baseline anemia, comorbidities, and medical complications as
prognostic determinants in MDR-TB patients.>'>!7-18:20.22:25-29.46

As evidenced by different studies, the outcomes of treatment vary with individual patients, which points to the
importance of developing and using patient-centered models of care, one of which could be developing individual
patient’s risk prediction models for unfavourable MDR-TB treatment outcomes. Hence, this study was aimed at
developing a model for the prediction of unfavourable treatment outcomes among MDR-TB patients in Ethiopia,
particularly North West Ethiopia. This model would be used as a simple clinical tool to help clinicians in their decision-
making based on a more objectively estimated probability of MDR-TB treatment outcome in the future, thereby lives will
be saved and further development of XDR-TB will be prevented.

Methods
Study Design and Setting

A multi-center retrospective follow-up study was conducted from September 2010 to July 2020 among MDR-TB patients
in two Treatment Initiating Centers (TICs) of North West Ethiopia. The first TIC was the University of Gondar
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Compressive Specialized Hospital (UoGCSH). It is located 737 km away from Addis Ababa, the capital city of Ethiopia.
The hospital is one of the biggest tertiary-level teaching and referral hospitals in the region. It has a capacity of more than
500 beds. The hospital serves as a referral center for 5 million populations in the North Gondar administrative zone and
the surrounding region. It has been providing MDR-TB treatment since September 2010 and about 450 MDR-TB patients
have been enrolled since the beginning of the treatment initiation. The hospital started offering a new short-term regimen
of MDR-TB treatment in 2018, and more than fourteen patients were treated to date.

The second TIC was Debre Markos Referral Hospital, which is found 300 km far from Addis Ababa. The hospital
provides health services to more than 3.5 million populations. It has 140 beds with about 152 staff for inpatient and outpatient
services. The hospital has a TB/HIV clinic as well as MDR-TB ward used for diagnosis and treatment of MDR-TB patients.
The hospital started MDR-TB diagnosis and treatment initiation service in 2015. It enrolled 95 MDR-TB patients and
received 31 transferred patients since then, making a total of 126 MDR-TB patients served in the hospital so far.

Population and Sample

The source population was all MDR-TB patients enrolled in North West Ethiopia, whereas patients enrolled in the two TICs
were the study population. All MDR-TB patients who had follow-ups at the UoGCSH and Debre Markos referral hospital
were included in the study. Patients for whom the outcome was not ascertained and those who were on treatment were
excluded. The sample size was calculated ensuring the number of events per parameter (EPP) of >10.*° This method is the
most frequently used which is a conventional rule of thumb for minimizing the problem of overfitting in multivariable
prediction modelling. A more recently conducted study in Saint Peter in Addis Ababa was used to calculate the sample size.”

The sample size was calculated as follows:

EPP _n¢ (1)
p

where EPP is the number of events per parameter, n is the sample size, O is the overall rate of the outcome and P is the
number of parameters to be involved in the model development. Rearranging Equation (1), the minimum sample size was
written as follows:

EPP %P
n=SrT )
¢
10 %22
- —4
0451 188

Taking an EPP of >10 and the number of parameters of 22 and ® of 0.451 from the aforementioned study, the sample
size (n) calculated using Equation (2) was found to be 488. Therefore, the minimum sample size was 488 MDR-TB
patients for whom the outcome was ascertained in the two selected hospitals of North West Ethiopia. Then, all patients
who fulfilled the inclusion criteria were included in the study, and the analysis was done on a total of 517 patients.

Variables of the Study

The outcome variable was unfavourable treatment outcome (yes/no). It was defined as the treatment outcome of patients
being death or treatment failure or LTFU.?' Age, sex, residence, treatment supporter, educational status, marital status,
baseline sputum culture, baseline radiological abnormality, baseline smear result, registration type, major adverse events,
site of MDR-TB, type of resistance, resistance to second-line drugs, complications, presence of HIV co-infection and
other comorbidities, baseline BMI, baseline anemia, baseline alcohol drinking, baseline smoking, and baseline khat use
were prognostic determinants.

Data Collection Procedure and Quality Control

A structured data extracting tool (checklist) was developed using different literature and piece of evidence available on
the medical charts of patients. Predictors of unfavourable treatment outcomes such as sociodemographic factors,
treatment-related factors, laboratory-related factors, comorbidities, and behavioural factors were extracted. Body Mass
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Index (BMI) of patients was calculated by taking the baseline weight in kilogram and dividing it by height in meter
squared. MDR-TB registration book and individual patient’s medical cards were used for data extraction. The data was
collected by four clinical nurses working at Debre Markos referral hospital and UoGCSH from March 4 to April 4/2021.
Data quality was managed by training and appropriate supervision of data collectors. Overall supervision was made by
the supervisor and principal investigator. The collected data were checked for completeness, clarity, accuracy, out-of-
range values, and missing values. The quality checking was done consistently daily after, and a correction was made
before the next data collection measures.

Data Processing and Analysis

The coded data containing demographic, clinical, and behavioural variables were entered into Epi-info version 7. Then, it
was exported to STATA version 16 statistical software and R version 4.0.5 for analysis. Variables with missing values
were baseline alcohol use 30 (5.8%), baseline smoking status 42 (8.1%), comorbidity 10 (1.9) and marital status 12
(2.3%), educational status 15 (2.9%), and baseline anemia status 11 (2.1). The variable income was dropped because it
was missed for the majority of observations 368 (71.2%). The missing data was managed by multiple imputation
techniques using the “mice” package in r assuming that the data were missed at random (MAR). The imputation process
was performed on the whole dataset and 5 imputed datasets were generated. Sensitivity analysis was done to investigate
the plausibility of the MAR assumption. Descriptive statistics, frequencies, and percentages were done for categorical
variables. The normality distribution test was done using the Kolmogorov—Smirnov test. Incidence was calculated to
determine the occurrence of unfavourable treatment outcomes.

For the multivariable prediction model development, the theoretical design is that; the incidence of unfavourable
treatment outcome at a future time “t” is a function of prognostic determinants like demographic factors, clinical factors,
and behavioural factors measured or ascertained at one or more time points before the occurrence of the unfavourable
treatment outcome, ie, “ty” which is the moment of prognostication. It was written in the following way;

Unfavourable treatment outcome = f (age + sex + baseline anemia + comorbidity + .. .. .. ... )

Model Development and Validation

The Least Absolute Shrinkage and Selection Operator (LASSO) algorithm was used to select the most potent predictors.
Penalized regression method was preferred for feature selection to develop unbiased and most parsimonies unfavourable
treatment outcome risk prediction model by minimizing the problem of overfitting.*

Variables were considered for multivariate unfavourable treatment outcome prediction model development based on
their easy obtainability, biologically plausible relationship with the outcome, and ease of interpretation in clinical
practice. The lasso model with optimum shrinkage factor and minimum cross-validation mean deviance was selected
to take predictors with non-zero coefficients for multivariable logistic regression analysis.

The most potent predictors selected by LASSO regression were incorporated into the multivariable analysis. Then, variables
were removed from the multivariable model step by step to build a simplified reduced model at a significance level of <0.15 just
to be more liberal. The final simplified risk prediction model was presented in the form of a nomogram, and its performance was
described by assessing its discriminatory power and calibration. The discriminatory power of the simplified risk prediction model
was determined by calculating c-statistics. The c-statistics might range from 0.5 (no predictive ability) to 1 (perfect
discrimination).>*** The developed risk prediction model was also assessed qualitatively by using Swets’s criteria, which values
range from 0.5-0.6 (bad), 0.6-0.7 (poor), 0.7-0.8 (satisfactory), 0.8-0.9 (good), and 0.9-1.0 (excellent).*

The calibration of the model was presented graphically using the calibration plot and Hosmer—Lemeshow test. For the
model calibration test, a value of P > 0.05 suggested a good model calibration. Bootstrap resampling (with 10,000
repetitions) of the original set was performed for internal model validation to calculate the relatively corrected
C-statistics (AUC). Patients were classified as high and low risk of unfavourable treatment outcomes using the optimal
cut-off point identified by the Youden index. The traditional risk prediction model performance measures (discrimination
and calibration) could not address the issue of how useful the developed nomogram would be in clinical practice.
Therefore, Decision Curve Analysis (DCA) was done to provide a clinically interpretable risk prediction model which
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could show the clinical and public health impact of using it. It was plotted by putting the net benefit of carrying out
a specified intervention using the developed risk prediction model or intervention on all of the patients or none of them
on the y-axis and the threshold probabilities on the x-axis. The study was reported per the TRIPOD (transparent reporting
of a multivariable prediction model for individual prognosis or diagnosis) statement.*®

Results

From September 2010 until April 2021, a total of 578 patients were enrolled and commenced with MDR-TB treatment in
two hospitals in North West Ethiopia. Treatment outcomes were not recorded for 9 patients. The overall completeness of
the study was 89.4% (Figure 1).

Socio-Demographic and Behavioural Characteristics

Of all, 321 (62.1%) of participants were male. The median age of participants was 30 years with an interquartile range
(IQR) of 17 years. Regarding educational level, 37.3% of the study subjects were with no formal education. A total of 24
(4.6%) of study patients had a history of cigarette smoking and 42 (27.8%) participants had a history of alcohol use. Only
18 (3.8%) of patients had a history of khat use (Table 1).

578 patients with MDR-TB

in two hospitals

52 patients still

on treatment

526 MDR-TB patients
treated with in the study

period

For 9 patients
treatment outcomes

were not recorded

517 patients with treatment
outcomes recorded and

included in the study

Figure | Flowchart of participant selection for the development of nomogram for prediction of unfavorable treatment outcome among MDR-TB patients, and reasons for
exclusion, North West Ethiopia, September 2010 to July 2020.
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Clinical Characteristics of MDR-TB Patients

Of all participants, 81.6% had a previous history of anti TB treatment. One-third of the total participants had
comorbid conditions. Of all subjects, 25.9% were HIV positive. About 47.9% of the participants were anemic and
most of them (83.2%) had radiological abnormalities. Most of the participants (60.9%) had rifampicin resistance TB
(Table 2).

Table | Socio-Demographic and Behavioral
Characteristics of MDR-TB Patients in North West
Ethiopia, 2010 to 2020 (N = 517)

Characteristics Frequency (%)
Gender

Male 321 (62.1)
Female 196 (37.9)
Age (Median  IQR) 3017
Occupation

Government employee 33 (64)
Self-employed 69 (13.4)
Farmer 217 (42)
Unemployed 8 (1.5)
Student 75 (14.5)
Daily laborer 92 (17.8)
Others* 23 (4.4)
Educational status

No formal education 193 (37.4)
Primary 192 (37.1)
Secondary 90 (17.4)
Tertiary 42 (8.1)
Marital status

Single 144 (27.9)
Married 236 (45.7)
Divorced 83 (16.0)
Widowed 14 (2.7)
Others** 40 (7.7)
Religion

Orthodox 483 (93.4)
Muslim 30 (5.8)
Others*** 4 (0.8)
Residence

Rural 264 (51.1)
Urban 253 (48.9)
Treatment supporter

Yes 435 (84.1)
No 82 (15.9)
Baseline smoking status

No 493 (95.4)
Yes 24 (4.6)
Baseline alcohol use

No 373 (72.1)
Yes 144 (27.9)
Baseline khat use

No 499 (96.5)
Yes 18 (3.5)

Notes: Others *Preschool children, Others **Children below 18
years, Others ***Protestant and catholic.
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Table 2 Clinical Characteristics of MDR TB
Patients in North West Ethiopia, 2010 to 2020
(N =517)

Characteristics Frequency (%)

Type of drug regimen

Long term regimen 475 (91.9)

Short term regimen 42 (8.1)

Registration group

Previously treated 422 (81.6)

New 95 (18.4)

Model of care

Hospitalized 483 (93.4)

Ambulatory 34 (6.6)

Site of the disease

Pulmonary 461 (89.2)

Extra-pulmonary 56 (10.8)

Comorbidity

No 345 (66.7)

Yes 172 (33.3)

HIV co-infection

No 83 (74.1)

Yes 134 (25.9)

Major adverse event

No 446 (86.3)

Yes 71 (13.7)

Complications

No 390 (75.4)

Yes 127 (24.6)

Type of resistance

Mono 315 (60.9)

MDR 163 (31.5)

Poly 39 (7.5)

Fluoroquinolone resistance

No 512 (99.0)

Yes 5 (1.0)

Baseline culture

Positive 368 (71.2)

Negative 149 (28.8)

Baseline sputum smear

Positive 316 (61.1)

Negative 201 (38.9)

Baseline anemia

No 270 (52.2)

Yes 247 (47.8)

Radiological abnormalities

Cavitary lesions 139 (26.9)

Non-cavitary lesions 291 (56.3)

Normal 87 (16.8)

Body mass index

<18.5kg/m? 367 (71.0)

>18.5kg/m? 150 (29.0)
Infection and Drug Resistance 2022:15 htps: 3893
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Treatment Outcomes
A total of 157 (30.4%) patients had unfavourable treatment outcomes. The remaining 69.6% of study subjects had
successful treatment outcomes (Figure 2).

Variable Selection and Model Diagnosis
A total of 28 models were generated using LASSO regression with a 10-fold cross-validation selection method and
LASSO estimator. The 24th model was found to be the most parsimonious model with an optimum penalty factor
(lambda) of 0.014 and minimum cross-validation mean deviance. Among 22 co-variants entered in LASSO regression,
12 potential features (predictors) were selected.

The identified 12 potential predictors selected by lasso regression were incorporated into the multivariable analysis.
These variables were baseline anemia, sex, age, major adverse events, residence, treatment supporter, educational status,
baseline smoking, baseline alcohol use, baseline smear, and marital status.

Development of an Individualized Risk Prediction Model

An individualized unfavourable treatment outcome risk prediction model was developed based on multivariable binomial
regression analysis using the identified potential predictors selected by the lasso algorithm. Most of the predictors are
easily ascertainable right at patient enrolment time. The role of each predictor was assessed by reducing them one by one
from the full multivariable model at a significant level of <0.15 (Table 3).

The regression results of the complete case analysis and the multiple imputations were compared in terms of
regression coefficients, standard errors and p values. They were found to be almost similar, ensuring the absence of
problem with the analysis result of the imputed dataset. The finding is illustrated by the following supplementary table
(Supplementary Table 1).

Nomogram of the Final Model
Predictors which were significant in the model reduction were used in the construction of the nomogram. These
predictors are Baseline anemia, comorbidity, MAE (Major adverse event), Age, Treatment supporter, and Marital status

Treatment outcomes among MDR-TB patients

I cured I treatment completed
I freatment failure [ LTFU
B died

Figure 2 Treatment outcomes among MDR-TB patients in North West Ethiopia, September 2010 to July 2020.

3894 e Infection and Drug Resistance 2022:15

Dove!


https://www.dovepress.com/get_supplementary_file.php?f=372351.docx
https://www.dovepress.com
https://www.dovepress.com

Dove

Anley et al

Table 3 Multivariable Logistic Regression Analysis and Model Reduction Using Potential Predictors of
Unfavorable Treatment Outcome in Patients with Multidrug-Resistant Tuberculosis, in North West

Ethiopia, 2010-2020 (N = 517)

Predictors Selected by Lasso Algorithm | Multivariable Analysis Model Reduction
Coef (95% CI) p-value p-value

Anemia’

No 0

Yes 1.08[0.6432, 1.5242] <0.00 | *#* 0.0023**

Sex

Male 0

Female —0.33 [-0.7959, 0.1265] 0.159181 0.3135

Agea

< 45 years 0

245 years 0.82 [0.2146,1.4308] 0.01** 0.0082**

Residence

Urban 0

Rural —0.17[-0.6518, 0.3109] 0.488892 0.162

Treatment supportern

Yes 0

No 0.97[0.4374, 1.5139] <0.001 0.016*

Major adverse event’

No 0

Yes 1 [0.4382, 1.5673] <0.001 0.046*

Baseline smoking

No 0

Yes 0.71[-0.2957, 1.7147] 0.165743 0.2212

Comorbidity’

No 0

Yes 0.71[0.2579, 1.1643] 0.003 0.105

Baseline sputum smear

Negative 0

Positive 0.32[—0.2772,0.9209] 0.297561 0.2606

Educational status

Literate 0

No formal education 0.47[—0.0218, 0.9702] 0.061392 0.9995

Baseline alcohol use

No 0

Yes 0.09[—0.4102, 0.6004] 0.698426 0.251

Marital status®

Married 0

Un married 0.75[0.2699,1.2509] 0.003 0.124

Intercept —2.98 [-3.8193, —2.2016] | <0.001

Notes: Variables included in the final simplified model, **P-value 0.001, **P-value <0.01, *P-value<0.05.

Abbreviations: Coef, coefficients; Cl, confidence interval.

of the patient. The developed nomogram could be used to calculate the risk of individual patients for unfavorable

treatment outcomes easily. For instance, the risk of a 48 years old, diabetic, married, and anemic female MDR-TB patient
who had treatment supporter could be calculated as follows: The age of the patient was >45 years and the score for this
category of age was 9.8. She was anemic and the score for this category of baseline anemia is 10. She was diabetic and
the score for this category of comorbidity is 7.5. She was married and the score for this category of marital status is 0.
She was evaluated at the time of enrolment, and hence no major adverse event was associated with treatment, and the
score for this category of a major adverse event is 0. The patient had a treatment supporter and the score associated with

Infection and Drug Resistance 2022:15 hetps: 3895

Dove:


https://www.dovepress.com
https://www.dovepress.com

Anley et al Dove

this category of treatment supporter is 0. The total score would be the sum of the scores for each category of predictors,
ie, 9.8+10+7.5+0+0+0=27.3. The risk of the patient for unfavorable treatment outcome with this total score would be
read from the nomogram and it is 0.58 (high risk) (Figure 3).

Performance of the Nomogram Developed

The two measures of risk prediction model performance are discriminatory power and calibration. Hence, the perfor-
mance of the nomogram was evaluated by assessing its calibration and discriminatory power. Its discriminatory power
was determined by calculating the AUC of the receiver operating characteristic curve (ROC-curve). ROC-curve is the
probability curve and AUC is the measure of the degree of separability, and it was found to have a discriminatory power
of (AUC = 0.753, 95% CI; 0.708, 0.798). Estimated risk of unfavorable treatment outcome = 1/(1 + exp — (—2.98 + 1.08
x Anemia (Yes) + 0.82 x Age (=45 years) + 1 x Treatment supporter (No) + 1 X Major adverse event (Yes) + 0.71 x
Comorbidity (Yes) + 0.75 x Marital status (unmarried).

The prediction role of individual prognostic determinants; baseline anemia (yes), age (=45 years), major adverse
event (yes), comorbidity (yes), treatment supporter (no), and marital status (unmarried) was assessed, and it was found to
be 0.642, 0.546, 0.561, 0.606, 0.574, 0.563, respectively.

The model calibration was assessed by plotting the actual probability against the predicted one. It was assessed using
both the calibration plot and the goodness-of-fit test (Hosmer—Lemeshow test) (Figure 4).

Risk Classification Using a Nomogram
The final simplified model was presented in the form of a nomogram just for practical utility. Patients are classified as at
low, intermediate, and high risk of unfavorable treatment outcomes based on the risk probability identified using the

Nomogram of unfavorable treatment outcome in MDR TB patients

Anemia —N'o Yés
Comorbidity . e
L No Yes
Ag ?5 Iyears >=45 Iyears
Treatment su pporterYés N'o

Marital statu'aa"'rie r '

Un married

Score
Probablity of unfavourable treatment oucome 1 T3 & 5 & 7 3B g
0 10 20 30 40 50
Total score

Figure 3 Nomogram for the prediction of unfavorable treatment outcome among MDR-TB patients in North West Ethiopia, September 2010 to July 2020.
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Figure 4 Observed versus predicted unfavorable treatment outcome probabilities in a sample.

nomogram. The risk probability calculation using the nomogram is so simple that any health professional at any level can
do. Hence, using the cutoff (0.298) identified by the Youden index method, patients are classified as at low, intermediate,
and high risk of unfavorable treatment outcomes. The proportion of unfavorable treatment outcome in low (<0.298),
intermediate (0.298-0.62) and high-risk groups (>0.62) were; 14.3%, 44.4% and 46.8%, respectively (Table 4).

The optimum cut-off point was the one identified by the Youden index method, and it was 0.298. Then, the risk of
patients was dichotomized to low risk (<0.298) and high risk (=0.298). The proportion of patients at low and high risk of
unfavorable treatment outcomes were 47.4% and 52.6%, respectively. The following table shows the performance of the
nomogram at different cut-off points (Table 5).

Table 4 Risk Classification of Unfavourable Treatment Outcome Using a Nomogram (n = 517)

Risk Category* Unfavourable Treatment Outcome Prediction Nomogram

Number of Patients (%) Incidence of Unfavourable
Treatment Outcome

Low (<0.298) 245 (47.4%) 35 (14.3%)
Intermediate (0.298-0.62) 225 (43.5%) 100 (44.4%)
High (20.62) 47 (9.1%) 22 (46.8%)
Total 517 (100%) 157 (30.4%)

Note: Risk category *The risk probability calculated using the nomogram.
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Table 5 Sensitivity, Specificity, PPV, and NPV of the Nomogram for Several Cut-off Points

Cut-Off Points* Sensitivity Specificity PPV NPV LR+ LR-
>0.32 59.2% 77.2% 53% 81.3% 2.6 0.53
>0.3 64.9% 71.7% 50% 82.4% 23 0.5
>0.298 73.9% 63.9% 47.2% 84.9% 2.1 0.4
>0.25 77.7% 58.3% 44.8% 85.7% 1.9 0.4
>0.24 82.2% 55.3% 44.5% 87.7% 1.8 0.3

Note: Cut-off points *Risk probabilities.
Abbreviations: PPV, positive predictive value; NPV, negative predictive value; LR+, likelihood ratio positive; LR-, likelihood ratio negative.

Model Validation

The model was validated internally using the bootstrapping method. This method was preferred over other methods of
model validation like the split-half method and cross-validation for models validated through this method are more
stable. It was performed by drawing bootstrap samples of 10,000 repetitions with replacement and was found to have
a relatively corrected discriminatory power of 0.744 (95% CI; 0.699, 0.788) with a model calibration test of (p-value =
0.538) (Figure 5). The optimism coefficient was found to be 0.009.

Roc curve of the model after bootstraping
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Figure 5 ROC curve of the model after internal validation using the bootstrapping method.
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Figure 6 Decision curve plot showing the net benefit of the developed model for carrying out an intervention measure in MDR-TB patients at risk of unfavorable treatment
outcome compared to all or none scenarios.

Decision Curve Analysis (DCA)

The red line represents the developed risk prediction nomogram, the thin black line represents the assumption that all patients are
at risk of unfavorable treatment outcomes and the thick black line represents that none of the patients are at risk of unfavorable
treatment outcomes.

The net benefit was calculated by subtracting the proportion of all patients who are false-positive from the proportion
who are true positive, weighted by the relative harm of not taking an intervention compared with the negative consequences
of unnecessary intervention. The relative harm was calculated as; (lf—;t).37 Here, “p;» stands for the threshold probability.

As the following DCA plot shows, the net benefit of using the model to carry out a certain intervention, which could
be determined according to the status of the clinical setting, to tackle the unfavorable treatment outcome in MDR-TB
patients was found to be higher than intervening on all or none of the MDR-TB patients. The decision curve showed that
if the threshold probability is greater than 15%, using the developed risk prediction nomogram adds more benefit than the
intervention on all or none of the patients (Figure 6).

Discussion

In this study, the incidence of unfavourable treatment outcomes was unacceptably high and the treatment success rate was
below the national (75%).! A total of 157 (30.4%, 95% CI; 26.5%, 34.5%) of patients had unfavourable treatment
outcome. This finding is in line with studies conducted in Gabon, Tanzania, Viet Nam.>®* ** However, it is lower
compared to a systematic review and meta-analysis study, a study conducted in India, Uzbekistan, Portugal, Brazil and
Colombia, Armenia, and a systematic review and meta-analysis done in Ethiopia.>*'™** This could be due to the
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improvement in MDR-TB treatment and care as well as the introduction of highly effective short-term all-oral bedaqui-
line containing regimens in the treatment of MDR-TB which could decrease poor treatment outcomes.*’

A multivariable risk prediction nomogram was built and internally validated for the individualized prediction of
unfavourable treatment outcomes among MDR-TB patients. The model was built with the great intention of offering
a clinical tool that could assist clinicians in their MDR-TB management and care, which is now challenging in many
highly burdened countries, especially in this period of global crisis imposed by COVID-19. Visualizing the risk
prediction model graphically using a nomogram was preferred to make the model built more user-friendly during its
application in clinical settings. The risk prediction nomogram was built by incorporating easily ascertainable demo-
graphic, behavioural, and clinical characteristics of MDR-TB patients.

Predictors used in the construction of the model were selected by examining their association with the outcome by
shrinking the regression coefficients with the lasso method. This method of penalized regression for predictor selection
was preferred to select the most potent predictors of the outcome, hence a parsimonious and potentially robust model
could be developed. The method reduced 22 candidate features to 12 potential predictors, which were then passed
through multivariable analysis and reduced from the model one by one according to their role in the multivariable model
after specifying the significance level of below 0.15 just to be liberal.

The final simplified model was constructed and presented as a risk prediction nomogram to make it more convenient and
easier to use clinical tool.

The model comprised six variables identified as independent predictors of unfavourable treatment outcomes. These
variables were baseline anemia, age of the patient, major adverse events, comorbidity, treatment supporter, and marital
status. The finding was in line with other studies, which identified either baseline anemia, age, or comorbidity as
independent predictors of unfavourable treatment outcomes.®***>° The major adverse event which occurred in the
course of MDR TB treatment was also found to be a significant predictor of unfavourable treatment outcomes. This was
also supported by other studies conducted in different countries.’>>’>” The absence of treatment supporter was also one
of the independent predictors of the outcome which has pointed out the necessity of proper psychosocial support for the
treatment success in MDR-TB patients. This is also supported by a study conducted in China, Ghana, and a systematic
review and meta-analysis study.®® >

The prediction model comprised of the aforementioned predictors was developed in the whole dataset. The model was
found to have a satisfactory level of discrimination accuracy (AUC = 0.753) and good calibration (p value = 0.65). The
calibration of the model was assessed in two ways; one was by drawing the calibration plot. The calibration belt
coincides with the y = x line (the 45-degree line) and is within the 95% confidence interval showing that the predicted
and observed probabilities of unfavourable treatment outcomes are similar. The second method was using the Hosmer—
Lemeshow goodness-of-fit test. The identified insignificant p-value of 0.65 indicates that the two probabilities are the
same. Both methods of model calibration assessment methods revealed that the model well represented the data.
A relatively wider belt of the calibration plot at the right top side of the plot showed that the model slightly overestimates
the risk of high-risk MDR-TB patients for unfavourable treatment outcomes. However, this does not compromise the
predictive role of the model for the possible intervention does not involve any life-threatening surgical procedures and
investigations, rather it will guide clinicians to strictly follow these high-risk patients. The predictive role of each of the
predictors was assessed for the identification of individuals at greater risk of unfavourable treatment outcomes. The
prediction capacity for baseline anemia (yes), age (>45 years), major adverse event (yes), comorbidity (yes), treatment
supporter (yes) and marital status (unmarried) is 0.642, 0.546, 0.561, 0.606, 0.574 and 0.563, respectively. Hence,
patients anemic at baseline and/or with comorbidity are relatively at higher risk for unfavourable treatment outcomes.

The model was internally validated using the bootstrap resampling method of 10,000 repetitions with replacement. The
performance metrics done after internal validation revealed the well-calibrated model (p value = 0.52) with satisfactory
discrimination power (AUC = 0.744). During internal validation by bootstrapping method, the model was trained in the
bootstrap sample and tested in the original dataset. The difference between the apparent performance (performance in the
derivation dataset) and the tested performance (performance in the tested dataset) is optimism expected in the apparent
performance. The identified optimism coefficient of 0.009 ensures that the model is less likely to be sample-dependent. The
calculated optimism could be averaged to find a relatively stable optimism and found to be 0.0045.
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The developed model has an acceptable level of specificity, sensitivity, PPV, and NPV at a cut-off point of 0.298
identified by the Youden index method. The threshold point can be varied to increase either the specificity or sensitivity
depending on the aim of the intervention and availability of resources.

The performance of our model was found to be better than other prediction models developed to predict unfavourable
treatment outcomes among MDR-TB patients in Brazil,'* a nomogram to predict death and dropouts with prediction accuracy
of 0.65 and 0.7, respectively. The variables used for the construction of the model were the number of previous MDR-TB
treatments, use of illicit drugs, and how the case was discovered (at the emergency ward or through routine investigations).
The predictors were easily obtainable except that the discriminatory performance of the nomogram comprised of these
predictors was poor and it might be due to the lower number of predictors incorporated compared to the case in our study.

However, our model has a slightly lower performance when compared to the risk prediction model developed to predict
death among TB patients in Tamaulipas, Mexico (c-statistics=0.77).%® The study used predictors like age, male gender, MDR-
TB, HIV, DM, malnutrition, alcoholism, and pulmonary TB for the construction of the risk score. The difference might be due
to the difference in study participants and the number of predictors involved in the model development. Another study
conducted in India on a model to predict unfavourable treatment outcomes among TB/HIV co-infected patients had
a discriminatory performance of 0.78.%* It was built based on a binomial logit model incorporating three predictors: baseline
smear (negative or positive), disease type (pulmonary or extra-pulmonary or both), and TB treatment category (new or
previously treated). Predictors that build the risk score are easily obtainable. The difference in the performance of our model
and the aforementioned study might be due to the difference in study participants.

The benefit that the developed nomogram would add to clinical practice was also presented in the form of a decision
curve. This latest metrics of examining the real benefit of the prediction model over the treat-all or treat-none scheme,
DCA, would answer what the traditional performance measures (discrimination and calibration) could not answer. The
net benefit of the nomogram was indicated across different threshold probabilities. It has a greater net benefit than using
the treat all or treat none strategies when the threshold probability of the patient is above 15%.

For instance, if the personal threshold probability of a patient is 40%, then the net benefit is about 0.19 when using the
developed risk prediction nomogram to decide whether to do a certain intervention, with added benefit than intervention on all or
none of the patients. However, the model is not useful for threshold probabilities below 15%. Therefore, threshold probabilities
are the most important components of the decision curve analysis depending on which a clinician can decide on whether to use
the model or not when there is a need to carry out an intervention for patients at risk of unfavorable treatment outcomes.

Generally, the model is easy to use yet very important, for it was constructed using easily ascertainable predictors and
presented in the form of a nomogram. A clinician can calculate the risk of unfavorable treatment outcomes and classify
patients as at higher and lower risk of unfavorable treatment outcomes in an easy-to-do way. Any clinician at any level
can use the nomogram developed because it does not demand any mathematics-intensive calculation.

It is also a clinically interpretable model because it is supported by decision curve analysis. To the best of our
knowledge, it is the first prognostic model done on unfavorable treatment outcomes among MDR-TB patients specific to
the selected settings in particular and specific to Ethiopia in general.

Therefore, it will be a useful clinical tool that health care professionals can use in their decision-making for
personalized treatment and care of MDR-TB patients. Furthermore, this study can contribute to the global End TB
strategy as the third pillar of End TB strategy is intensified researches and innovations which is aimed at accelerating
discovery, development, and rapid uptake of new tools.®>°® Policymakers and program managers can also use the model
for designing individual patient-specific policies and programs targeted towards reducing the unacceptably high level of
poor treatment outcomes in MDR-TB patients.

However, the study was not without limitations; it would have been better if it was done using a prospective study
design and validated externally. Besides, future researchers should improve the developed model by incorporating
important predictors like income and adherence, variables that were missed in the retrospectively collected data.

Implication and Conclusion
The developed nomogram can be easily used for individualized prediction of unfavorable treatment outcomes in MDR-TB
patients because it has a satisfactory level of accuracy and good calibration. It could be used as an accurate and
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discriminatory decision-making tool for predicting unfavorable treatment outcomes in MDR-TB patients whereby the
unacceptably high level of unfavorable treatment outcomes can be reduced.

The small optimism coefficient identified in the validation process ensures the less likely overfitting of the model, and
hence it can predict the outcome when applied to an independent set of samples.

The model was clinically interpretable and was found to have added benefits in clinical practice as it was assured by
the decision curve analysis metrics. Its role in clinical care and practice would be substantial, especially in this period of
a global pandemic in which global TB care is being threatened by COVID-19.
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