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Background: Tuberculosis (T'B) drug resistance is a worldwide public health problem that threatens
progress made in TB care and control. Early detection of drug resistance is important for disease control,
with discrimination between drug-resistant TB (DR-TB) and drug-sensitive TB (DS-TB) still being an
open problem. The objective of this work is to investigate the relevance of readily available clinical data and
data derived from chest X-rays (CXRs) in DR-TB prediction and to investigate the possibility of applying
machine learning techniques to selected clinical and radiological features for discrimination between DR-TB
and DS-TB. We hypothesize that the number of sextants affected by abnormalities such as nodule, cavity,
collapse and infiltrate may serve as a radiological feature for DR-TB identification, and that both clinical and
radiological features are important factors for machine classification of DR-TB and DS-TB.

Methods: We use data from the NIAID TB Portals program (https://tbportals.niaid.nih.gov), 1,455 DR-
TB cases and 782 DS-TB cases from 11 countries. We first select three clinical features and 26 radiological
features from the dataset. Then, we perform Pearson’s chi-squared test to analyze the significance of the
selected clinical and radiological features. Finally, we train machine classifiers based on different features and
evaluate their ability to differentiate between DR-TB and DS-TB.

Results: Pearson’s chi-squared test shows that two clinical features and 23 radiological features are
statistically significant regarding DR-TB vs. DS-TB. A ten-fold cross-validation using a support vector
machine shows that automatic discrimination between DR-TB and DS-TB achieves an average accuracy of
72.34% and an average AUC value of 78.42%, when combing all 25 statistically significant features.
Conclusions: Our study suggests that the number of affected lung sextants can be used for predicting
DR-TB, and that automatic discrimination between DR-TB and DS-TB is possible, with a combination of

clinical features and radiological features providing the best performance.
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Introduction

Tuberculosis (TB) drug resistance is a global public health
concern since it threatens the progress made in TB care and
control (1). In 2019, there were an estimated 10 million new
TB cases; approximately half a million cases are resistant
to rifampicin, of which 78% are multidrug-resistant TB
(MDR-TB) (2). MDR-TB is a type of TB that is resistant
to at least two first-line anti-TB drugs: isoniazid and
rifampicin. Drug-resistant TB is a growing public health
concern since it requires more complex treatment than
drug-sensitive TB and incurs more costs. In 2019, it was
estimated that globally 3.3% of new TB cases and 17.7% of
previously treated I'B cases are MDR-TB (2).

Early identification of drug resistance enables patient-
specific drug treatment, which reduces the period of
infectiousness and disease spread in addition to improving
outcomes. However, discrimination between drug-
resistant TB (DR-TB) and drug-sensitive cases (DS-TB)
using readily available clinical information and images,
preferably during the first visit, is still an open problem.
Currently, there are two types of TB drug susceptibility
tests: conventional culture-based phenotypic testing and
molecular testing. The former involves looking at the
bacteria behavior, which requires a well-equipped laboratory
facility and may take several weeks to obtain the results (3).
The latter involves looking at genetic mutations, which is
fast but expensive and may produce inconclusive results (4).
Therefore, it is desirable to predict the suspicion of DR-
TB automatically from radiological findings and clinical
information in patient medical records.

Inspired by the work in (5), we hypothesize that
the number of affected sextants may serve as important
radiological features for DR-TB identification, and that
both clinical and radiological features are important factors
for machine classification between DR-TB and DS-TB.

Previous work

There is evidence that certain clinical data and radiological
findings may enable differentiation between DR-TB and
DS-TB. Faustini et al. (6) conducted a review of twenty-
nine studies before 2006 and reported that prior treatment

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

for TB is the strongest determinant of MDR-TB in Europe.
Tembo and Malangu (7) collected 2,568 medical records in
Botswana and found that previous treatment and positive
sputum smear microscopy are associated with the prevalence
of MDR-TB or rifampicin-resistant TB (RR-TB). Mdivani
et al. (8) reported three risk factors for MDR-TB based
on analysis of 1,422 patients from Georgia: retreatment
case, history of injection drug use and female gender.
O’Donnell ez 4l. (9) found that women admitted to hospital
in KwaZulu-Natal, South Africa with drug-resistant TB
are 38% more likely than men to have XDR-TB based on
an analysis of 4,514 patients. Shen et /. (10) conducted an
analysis of 8419 patients from Shanghai, China, and stated
that patients aged 30-59 years are more likely to be DR-TB
in previously treated cases. Lv et al. (11) reported from 3,552
patients in Dalian, China, that previously treated patients
and older age are more likely to have MDR-TB. Icksan
et al. (12) compared chest X-ray (CXR) findings from 183
MDR-TB and 183 DS-TB cases in Indonesia and reported
that the MDR-TB group has more large-size lesions
while the DS-TB group has more small- and medium-size
lesions. Wing et al. (13) performed a review on available
articles before 2018 for radiological signs of MDR-TB and
found that thick-walled multiple cavities (particularly with
count >3 and size >30 mm) present the most promising
radiological sign for MDR-TB with good specificity but at
the cost of low sensitivity. Huang et 4. (5) reported from
468 DR-TB cases and 223 DS-TB cases that a combination
of consolidated nodule number and size can be used to
predict the probability of MDR-TB. Flores-Treviiio
et al. (14) found from 144 patients in Mexico that multiple
cavities is a predictor for DR-TB.

Based on these past studies, we hypothesized that the
number of affected sextants may serve as a useful feature
when applying machine learning techniques to the
discrimination of DR-TB and DS-TB. To date, very few
works have been concerned with discriminating between DR-
TB and DS-TB in an automated manner. Kovalev ez /. (15)
apply different machine learning methods to features
extracted from CXR images or CT images or both. They
achieve an accuracy of 73% with an AUC value of 72%, a
sensitivity of 82% and a specificity of 58% when combining
the features from both X-ray and CT images. The accuracy
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Table 1 Origin of the TB cases analyzed in this work

No. (%) of cases

Country
DS-TB DR-TB Total

Azerbaijan 0(0) 7(0.31) 7 (0.31)
Belarus 113 (5.05) 461 (20.61) 574 (25.66)
Georgia 364 (16.27) 340 (15.20) 704 (31.47)
India 151 (6.75) 49 (2.19) 200 (8.94)
Kazakhstan 35(1.56) 223(9.97) 258 (11.53)
Kyrgyzstan 0(0) 110(4.92) 110(4.92)
Moldova 1(0.04) 26 (1.16) 27 (1.21)
Republic of the Congo 0(0) 1(0.04) 1(0.04)
Romania 4(0.18) 87 (3.89) 91 (4.07)
South Africa 94 (4.20) 3(0.13) 97 (4.34)
Ukraine 20(0.89) 148(6.62) 168 (7.51)

for CXR images alone or CT images alone falls to 62%
and 65%, respectively. Our previous work (16) applied both
traditional machine-learning methods and deep learning
networks to CXR images, achieving an AUC value around
66% and an accuracy around 60%.

Methods
Data collection

We use a dataset of 2,237 patients, which includes de-
identified clinical data and CXR images publicly available
from the NIAID TB Portals program (17). Each patient
record is manually annotated with clinical information
and radiological findings based on CXR images. Clinical
information includes age of onset, gender, patient type
(new, relapse or failure), type of sample (pulmonary or
extrapulmonary), BMI, diagnosis, prescription drugs,
laboratory tests, treatment period, treatment status and
outcome. A new case refers to a patient who has never been
treated for TB or has taken anti-TB drugs for less than one
month. A relapse case refers to a patient who has previously
been treated for TB, was declared cured or completed
treatment at the end of the most recent course of treatment,
and is now diagnosed with a recurrent episode of TB (either
a true relapse or a new episode of TB caused by reinfection).
A failure case represents a patient who has previously been
treated for TB and whose treatment failed at the end of the
most recent course of treatment (17). Radiological findings
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include chest radiography patterns such as the number and
location of affected sextants, the presence of mediastinal
lymphadenopathy, presence of other non-TB abnormalities,
the overall percentage of abnormal volume, and the pleural
effusion percentage of the hemithorax involved. Due to
financial constraints and the size of the TB portals CXR
dataset, radiological features are obtained using a single
experienced radiologist-reading per image. The whole
dataset was annotated by multiple radiologists from the
countries contributing data to the program. Due to the
large number of radiologists participating in this study,
their annotations are not biased toward a single radiologist.
The 2,237 patients include 782 DS-TB and 1,455 DR-TB
patients, acquired from 11 countries. Distribution of the
origin is listed in 7able 1. The type of drug susceptibility
was determined by sputum cultured drug resistance testing
and/or molecular testing, specifically Bactec, Hain (FL-
LPA), SL-LPA, GeneXpert, and Lowenstein -Jensen testing
(17,18). Data usage is exempt from local institutional review
board review as it is publicly available from the TB portals
program. The study was conducted in accordance with
the Declaration of Helsinki (as revised in 2013). The TB
portals program participants are responsible for ensuring
compliance with their countries’ laws, regulations, and
ethics considerations (17).

Statistical analysis

In this work, we hypothesize that the number of affected
sextants may serve as an important radiological feature
for DR-TB identification, and that both clinical and
radiological features are relevant for machine classification
of DR-TB and DS-TB. Lung sextants are defined by
dividing each lung into three equal sections from apex to
base, as shown in Figure 1. A sextant is said to be affected if
either nodules, cavities, collapses, or infiltrates are present.
We utilize three clinical features and 26 radiological
features, as listed in 7able 2. Age in this paper means age
of onset. To gain insight into the statistical significance of
extracted features with different types of resistance (DR-TB
or DS-TB), Pearson’s chi-squared test is applied. A feature
with P<0.05 is considered statistically significant.

Macbhine classification of drug-sensitive and drug-
resistant TB

Based on the clinical and radiological features selected by
Chi-squared tests, we train a machine learning classifier,
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Figure 1 Definition of lung sextants in our study.
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Table 2 Summary of clinical features and radiological features extracted from medical records

Type and number of features  Description

Three clinical features
Radiological features

12 nodule features

Age; gender; patient type (new case, relapse, or failure)

Number of sextants affected by (I) either small nodules (<3 mm), (Il) medium nodules (3-8 mm), (lll) large

nodules (8-30 mm), (IV) huge nodules (=30 mm), (V) multiple nodules, (VI) calcified or partially calcified
nodules, (VIl) non-calcified nodules, (VIll) clustered nodules, (IX) low ground glass density active fresh
nodules, (X) medium density stabilized fibrotic nodules, (XI) high density calcified typically sequellae

nodules, or (XIl) any kind of nodules

Six cavity features

Number of sextants affected by either (I) small cavities (<10 mm), (Il) medium cavities (10-25 mm), (Ill)

large cavities (>25 mm), (IV) multi-sextant cavities, (V) visible multiple cavities; or (VI) any kind of cavities

Eight other lung abnormality  (I) Overall percentage of abnormal volume; (ll) pleural effusion percentage of involved hemithorax; (1ll)

features

number of sextants affected by collapse; (IV) number of sextants affected by low ground glass density

infiltrates; (V) number of sextants affected by medium density infiltrates; (VI) number of sextants affected
by high density infiltrates; (VIl) presence of mediastinal lymphadenopathy; (VIIl) presence of other non-TB

abnormalities

Age in our work means age of onset.

a Support Vector Machine (SVM) (19), to discriminate
between DS-TB and DR-TB. We illustrate the pipeline
of our machine classification in Figure 2. To compare the
contributions of different features for classifying DR-TB ws.
DS-TB, we train the SVM classifier using different feature
combinations.

Our dataset includes 782 DS-TB cases and 1,455 DR-TB
cases, and is thus biased toward DR-TB. Machine learning
classifiers are sensitive to the proportions of different
classes in the training set. If ignored, data imbalance will
bias predictions in favor of the majority class, leading to
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inaccurate results. To balance the dataset, several approaches
can be applied: down-sampling of the majority class, over-
sampling of the minority class, or synthetic minority over-
sampling (SMOTE) type techniques (20-23). Data down-
sampling involves randomly removing samples from the
majority class, which might discard useful information. Data
over-sampling is a process of randomly duplicating samples
of the minority class, which will not lose any information
from the original dataset, but is prone to over-fitting to
the training data. The SMOTE technique is an improved
over-sampling method that synthesizes new samples from
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Figure 2 Workflow of the proposed machine classification between DR-TB and DS-TB. DS-TB, drug-sensitive tuberculosis; DR-TB,

drug-resistant tuberculosis.
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Figure 3 Ten-fold cross validation based on balanced data with oversampled DS-TB cases. DS-TB, drug-sensitive tuberculosis.

the minority class. It often outperforms simple/random
over-sampling (21-23). In our study, we use the classic
SMOTE method (20) for data over-sampling in imbalanced
binary dataset classification. We evaluate the classification
performance based on ten-fold cross validation: 782 DS-TB
cases and 1,455 DR-TB cases are first divided into ten folds,
each of which includes 78 (or 79) DS-TB cases and 145 (or
146) DS-TB cases. To balance the data between DS-TB
and DR-TB cases, the 78 (or 79) DS-TB cases in each fold
are oversampled to 145 (or 146) cases using the SMOTE
method, or the 145 (or 146) DR-TB cases in each fold are
down-sampled to 78 (or 79). Then, nine folds are used for
training data and the remaining fold is used as testing data
to calculate the accuracy. The process is repeated ten times,
with each fold serving once as testing data, and the average
performance of the ten rounds is reported as the final
evaluation result. Figure 3 visually illustrates the ten-fold
cross validation scheme on balanced data obtained via the
SMOTE oversampling method.

Results

Figure 4 illustrates the distribution of the three clinical
features we use (patient type, age and gender) for the
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1,455 DR-TB and 782 DS-TB cases analyzed in this work.
We find visible differences for patient type distributions
between DR-TB and DS-TB: For DR-TB cases, 62.96%
are in the New category, 23.71% are in the Relapse category,
and 13.33% are in the Failure category. However, for DS-
TB cases, 90.41% are in the New category, 9.34% are in
the Relapse category, and only 0.26% are in the Failure
category. Age categories follow those defined in (24), with
a slightly finer resolution. Clear differences are observed
among age groups between DR-TB and DS-TB. Both DS-
TB and DR-TB patients are more likely to be less than
65 years old, whereas the frequency of DR-TB is higher
in the age groups of 35-44 and 45-54. No clear difference
is observed for the gender distribution between DR-TB
and DS-TB. Differences observed in feature distributions
are consistent with the statistical significance analysis using
Pearson’s chi-squared test, which is performed based on
the null hypothesis that the clinical feature categories are
independent from being drug-sensitive or drug-resistant.
Patient type (P<0.001) and age (P<0.01) show a statistically
significant association with resistance type. More details
about the distribution and chi-squared test results of the
three clinical features can be found in Table S1.

Figure 5 shows the distribution of 12 nodule features.
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Figure 4 Distributions of three clinical features for 782 DS-TB patients (blue) and 1,455 DR-TB patients (orange). Shown are the
percentage of cases for each feature present in a given category (e.g., the blue bars for patient type show that 90.41% of DS-TB patients are
in the New category, 9.34% in the Relapse category, and 0.26% in the Failure category). DS-TB, drug-sensitive tuberculosis; DR-TB, drug-

resistant tuberculosis.
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Figure 5 Distributions of 12 nodule related features for 782 DS-TB patients (blue) and 1,455 DR-TB patients (orange). Shown are the
percentages of cases for each feature present in a given category (e.g., the blue bars in the category Smuall nodules show that 48.08% of DS-
TB cases have no sextant affected by small nodules, 23.79% have only one sextant affected by small nodules, and 28.13% have more than
one sextant affected by small nodules). DS-TB, drug-sensitive tuberculosis; DR-TB, drug-resistant tuberculosis.

Visible differences are observed between DS-TB and DR- Multiple small or medium nodules, large nodules, huge
TB. Nodules occur in approximately 82% of DR-TB nodules, multiple non-calcified nodules, multiple clustered
patients and in approximately 56% of DS-TB patients. nodules, multiple low ground-glass-density (GGD) nodules,
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Figure 6 Distributions of six cavity-related features for 782 DS-TB patients (blue) and 1,455 DR-TB patients (orange). Shown are the

percentages of cases for each feature present in a given category (e.g., the blue bars in the category Small cavities show that 80.31% of DS-

TB cases have no sextant affected by small cavities, 15.60% have only one sextant affected by small cavities, and 4.09% have more than one

sextant affected by small cavities). DS-TB, drug-sensitive tuberculosis; DR-TB, drug-resistant tuberculosis.

multiple medium-density nodules and multiple high-density
nodules are more likely to occur in DR-TB. Pearson’s chi-
squared tests on the 12 nodule features show that all the
nodule features are statistically significant regarding DR-TB
vs. DS-TB, except for the number of sextants with calcified
nodules (P>0.05). Figure 6 depicts the distribution of six
cavity features. We find that cavities occur in approximately
40% of DR-TB patients and in approximately 29% of DS-
TB patients. Multiple small cavities, multiple medium
cavities, and large cavities tend to occur in DR-TB patients.
Pearson’s chi-squared tests indicate that all six cavity
features are statistically significant regarding DR-TB vs.
DS-TB. Figure 7 shows the distribution of eight other lung
abnormality features. We observed that multiple sextants
with collapses, multiple sextants with low GGD infiltrates,
high-density infiltrates, more than 50% abnormal volume,
and mediastinal lymphadenopathy are more likely to occur
in DR-TB. Chi-squared test results show that, the number
of sextants affected by medium density infiltrates (P>0.05)
and the presence of other non-TB abnormalities (P>0.05),
are not statistically significant with respect to discriminating
between DR-TB and DS-TB. Differences visible in the
feature distributions in Figures 4-7 are consistent with
Pearson’s chi-squared tests. More details about distributions
and chi-squared test results of the 26 radiological features
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can be found in Tables S2,S3.

To investigate the possibility of automatically
differentiating between DR-TB and DS-TB and to
evaluate the importance of specific features, we train SVM
machine classifiers using eight different combinations of
features listed in Table 2: (I) three clinical features; (IT) 12
nodule features; (III) six cavity features; (IV) 12 nodule
features plus six cavity features; (V) three clinical features
plus 12 nodule features plus six cavity features; (VI) all 26
radiological features; and (VII) 25 significant clinical and
radiological features. Tables 3,4 show the results for machine
classification of DR-TB cases vs. DS-TB cases using data
down-sampling (7able 3) and data augmentation (1able 4)
for data balancing, respectively. Comparing the results in
Tubles 3,4, we find that (I) classifiers with data augmentation
achieve better results; (II) classifiers using only clinical
features obtain an accuracy around 61%, with very low
sensitivity; (III) compared to classifiers using only clinical
features, classifiers using radiological features achieve a
higher sensitivity at the cost of much lower specificity; (IV)
classifiers using a combination of clinical and radiological
features achieve a better performance than those using any
of them alone; (V) the classifier using the 25 statistically
significant features with SMOTE data augmentation
achieves the best performance, with an average accuracy
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Figure 7 Distributions of eight other lung abnormality features for 782 DS-TB patients (blue) and 1,455 DR-TB patients (orange). Shown
are the percentages of cases for each feature present in a given category (e.g., the blue bars in the category No. of sextants with collapses show
that 92.71% of DS-TB cases have no sextant affected by collapse, 5.37% have only one sextant affected by collapse, and 1.92% have more
than one sextant affected by collapse). DS-TB, drug-sensitive tuberculosis; DR-TB, drug-resistant tuberculosis.

Table 3 Ten-fold cross validation on balanced dataset with data down-sampling between DS-TB (782 cases) and DR-TB (782 cases)

Training features Accuracy (%) Sensitivity (%) Specificity (%) Precision (%) AUC (%)

3 clinical features 60.22+3.05 40.04+7.54 84.40+4.84 72.33+5.57 60.77+4.95
12 nodule features 64.38+4.26 71.99+6.81 56.77+4.83 62.46+3.65 67.18+4.58
6 cavity features 55.62+3.08 30.55+5.70 80.69+5.60 61.69+7.51 55.03+3.29
12 nodule + 6 cavity features 64.32+4.82 71.99+6.66 56.64+5.98 62.43+4.25 67.38+4.96
3 clinical + 12 nodule + 6 cavity features 66.63+4.53 66.12+6.02 67.14+5.35 66.85+4.45 70.94+4.68
26 radiological features 66.44+4.87 76.47+6.12 56.40+5.50 63.70+3.97 71.13+4.68
3 clinical + 26 radiological features 68.22+4.77 73.01+£5.06 63.43+6.85 66.78+4.61 74.05+5.84
25 significant features 68.29+3.40 75.70+5.49 60.87+5.91 66.04+3.38 73.60+4.79

Twenty-six radiological features include 12 nodule features, six cavity features and eight other lung abnormality features. Twenty-five
significant features are obtained by excluding the four non-significant features from the 29 features. The best performance in each column
is marked in italic.

of 72.34% and an average AUC value of 78.42%. The 25 shown in Figure 8. More details of our trained SVM model
significant features are obtained by excluding the four non- can be found in Table S4.

significant features (i.e., gender, number of sextans with
calcified nodules, number of sextants with medium density
infiltrates, and presence of other non-TB abnormalities)
from the 29 features (three clinical features and 26
radiological features). The ROC curve for SVM-based
machine classification using the 25 significant features is The current study has some limitations. First, we did not

Discussion

Limitation of the study
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Table 4 Ten-fold cross validation on balanced dataset with SMOTE data augmentation between DS-TB (1,455 cases) and DR-TB (1,455 cases)
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Training features Accuracy (%) Sensitivity (%) Specificity (%) Precision (%) AUC (%)

3 clinical features 61.89+3.31 38.43+5.27 85.35+7.11 73.63+9.26 64.44+3.07
12 nodule features 64.94+3.56 72.71£3.20 57.17+4.96 63.00+3.39 68.79+3.64
6 cavity features 56.77+2.43 34.02+3.34 79.53+5.64 63.02+6.29 56.60+3.76
12 nodule + 6 cavity features 65.33+4.03 70.38+3.64 60.28+6.42 64.08+4.16 68.76+4.42
3 clinical + 12 nodule + 6 cavity features 67.28+3.30 70.44+3.12 64.13+6.77 66.47+3.83 73.14+2.98
26 radiological features 67.28+5.35 84.13+2.81 56.95+13.34 67.40+7.46 72.25+6.24
3 clinical + 26 radiological features 70.99+3.18 74.36+2.84 67.63+7.36 69.98+4.42 77.56+3.72
25 significant features 72.34+2.65 75.33+3.36 69.35+6.29 71.30+3.63 78.42+2.63

Twenty-six radiological features include 12 nodule features, six cavity features and eight other lung abnormality features. Twenty-five
significant features are obtained by excluding the four non-significant features from the 29 features. The best performance in each column

is marked in italic.

e Foldl1
Fold2
Fold3
Fold4
Fold5
- Fold6
Fold7
Fold8

e Fold9
‘ | Mean AUC=78.42% ‘ | Fold10

02 03 04 05 06 07 08 09 1
False positive rate

True positive rate

Figure 8 ROC curve of SVM classifier based on 25 significant
features with data over-sampling and 10-fold cross validation.
ROC, receiver operating characteristic; SVM, Support Vector

Machine; AUC, area under the curve.

use radiological features from chest CT images, since
many of the existing records do not include annotated
CT radiological findings. Second, distribution bias
is present in the source of both DR-TB and DS-TB.
This work includes 2,237 patients from 11 countries.
However, about 97% of all drug-sensitive cases are from
five countries (Georgia, Belarus, India, South Africa, and
Kazakhstan) and about 81% of all drug-resistant cases
are from four countries (Belarus, Georgia, Kazakhstan

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

and Ukraine). That is, our machine classifier learns drug-
sensitive and drug-resistant features primarily from
six countries, and the classification performance will
decrease when we use it to identify DR-TB from other
countries or when we perform a country-level evaluation.
Third, DR-TB and DS-TB cases are imbalanced. We
used SMOTE data augmentation techniques to balance
the dataset; it would be better to have a truly balanced
dataset for both the statistical significance analysis and
machine classifier training. We are now working to
increase the sample size of DR-TB and DS-TB cases
to obtain a balanced data set with more uniformly
distributed countries of origin. Fourth, our best machine
learning model based on 25 significant features requires
radiological findings reported by a radiologist, which
limits the full automation of our machine learning
model. Our next step will be to automatically detect such
radiological features from radiographs based on deep
learning methods.

Roles of patient type, age, and gender

In our study, the strongest predictor of DR-TB is patient
type (New, Relapse or Failure). This is consistent with
previous studies in Europe, Botswana, and Georgia (6-8).
The treatment history is a well-known risk factor for the
development of DR-TB. The WHO Global Report on
Surveillance on MDR-TB and XDR-TB (25) stated that
TB cases with a history of previous TB treatment are
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significantly associated with DR-TB. Such a predictor can
be used in early screening of DR-TB cases, especially in
resource-limited clinical settings. For example, a relapsed
patient would indicate that drug susceptibility testing is
recommended at treatment start.

The association between DR-TB and age is not well
established in the previous reports since different studies
use different cut-off points for age groups. The European
MDR-TB analysis (6) indicated that MDR-TB patients are
more likely to be younger than 65 years, while the report
on MDR-TB in Shanghai, China (10) stated that the age
group of 30-59 years is associated with MDR-TB. In our
data, age also showed a significant association with DR-TB.
However, we found both that DR-TB and DS-TB are more
likely to happen in age groups less than 65 years, and that
the frequency of DR-TB is higher than DS-TB in the age
groups of 35-44 and 45-54.

Tuberculosis is more common in males (26-28). In (6)
it was reported that male gender is a risk factor for MDR-
TB cases in Western Europe, but not in Eastern Europe.
Contrary to that observation, it was found in Georgia, that
female gender is significantly associated with MDR-TB
(8,9). The authors in (8) assumed that this association is
related to the fact that the majority of health care workers
are females in Georgia. In our study, we did not find a
significant association between gender and DR-TB. We
hypothesize that gender is likely a regional risk factor for
DR-TB, but does not present a general association in the
TB data from 11 countries used in this work.

Roles of radiological features

Previous works (29-31) have revealed that active TB is
likely to affect the upper lung regions exhibiting cavities,
consolidations, and nodules, and to affect unilateral lung
regions exhibiting pleural effusions. However, based on a
review paper from 2018 (13) and our literature search in
PubMed on Feb 4, 2021, only a small number of reports
have mentioned the importance of lesion types and
their locations in the development of DR-TB. Both the
systematic review of radiological signs for MDR-TB before
2018 (13) and the report on MDR-TB in Mexico (14)
found that multiple cavities is a promising sign for
identifying MDR-TB. This radiological feature may offer
good specificity at the cost of low sensitivity (13). Our work

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

confirms that there is a significant association between DR-
TB and multiple cavities (P<0.001), and also quantitatively
demonstrates that a SVM classifier using cavity lesions
can predict DR-TB with an average specificity of 80%, at
the cost of an average sensitivity of 34%. It was reported
that MDR-TB patients are more likely to have large-size
lesions, and DS-TB patients are more likely to have small-
or medium-size lesions (12). Our study confirms that large
nodules and large cavities are more common in DR-TB.
In addition, we found that multiple nodules and multiple
cavities are more common in DR-TB, which confirms the
analysis in (5,13).

In our study, we also found that DR-TB patients are
more likely to have more abnormalities in all the six lung
sextants. Figure 9 shows the abnormality distribution in the
six lung sextants for DR-TB and DS-TB patients, using
an abnormality occurrence index (AOI) that is calculated
by dividing the sum of abnormalities of all patients in a
given group for a given sextant by the number of patients
in this group and sextant. A higher index indicates a higher
possibility of abnormality occurrence in that sextant.
In our future work, we will investigate the possibility
of incorporating abnormality location into features for
automated identification of DR-TB.

Conclusions

In this paper, we investigated the possibility of using the
number of affected sextants for drug resistance prediction and
the possibility of applying machine learning to discriminate
between drug-resistant TB and drug-sensitive TB by
incorporating both clinical and radiological features. We
found that, clinical features can predict DR-TB cases with
an accuracy of around 61%, with a relatively low sensitivity,
while radiological features based on the number of affected
sextants can predict DR-TB cases with an accuracy of around
67%, with low specificity. The combination of clinical
and radiological features improves these results. For the
combined features, our machine classifier achieves an average
accuracy of 72.34% and an average AUC value of 78.42%.
Our study suggests that the number of affected sextants can
be used for identifying drug-resistant TB, and that automatic
discrimination between drug-resistant TB and drug-
sensitive T'B is possible by utilizing both clinical features and
radiological features.
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Figure 9 Abnormality distribution for 782 DS-TB patients (blue) and 1,455 DR-TB patients (orange). Shown are the abnormality

occurrence indices (AOI) in each lung sextant (upper left, upper right, middle left, middle right, lower left and lower right). Taking DS-

TB patients for example, the abnormality occurrence index in a given sextant is calculated by dividing the number of abnormalities in this

sextant for all DS-TB patients by the number of DS-TB patients. A higher index indicates a higher possibility of abnormality occurrence in

this sextant. DS-TB, drug-sensitive tuberculosis; DR-TB, drug-resistant tuberculosis.
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Supplementary

Table S1 Distribution and chi-squared test results of clinical features for 782 DS-TB patients and 1,455 DR-TB patients. The null hypothesis of
Pearson’s chi-squared test is that clinical feature categories are independent from drug-sensitive or drug-resistant TB

Clinical No. (%) of cases No. (%) of cases
P value Clinical features P value

features DS-TB DR-TB DS-TB DR-TB
Age <15 5(0.22) 3(0.13) 1.40x10° Patienttype  New 707 (31.60) 916 (40.95) 5.64x107

15-24 105 (4.69) 182 (8.14) Relapse 73 (3.26) 345 (15.42)

25-34 196 (8.76) 353 (15.78) Failure 2(0.09) 194 (8.67)

35-44 151 (6.75) 350 (15.65)

45-54 136 (6.08) 301 (13.46) Gender  Female 257 (11.49) 468 (20.92) 0.74

55-64 106 (4.74 166 (7.42

@.74) (7.42) Male 525 (23.47) 987 (44.12)
65+ 83 (3.71) 100 (4.47)
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Table S2 Distribution and chi-squared test results of 22 radiological features for 782 DS-TB patients and 1455 DR-TB patients with the null
hypothesis that the number of affected sextants is independent from being DS-TB or DR-TB. GGD indicates ground glass density. The abbrevi-
ation “Multi” means multiple affected sextants

No. (%) of cases No. (%) of cases

Radiological No. of affected Radiological No. of affected

features sextants DS-TB DR-TB P value features sextants DS-TB DR-TB P value
Small None 376 (16.81) 321 (14.35) 2.43x10¥  Small None  628(28.07) 988 (44.17) 8.72x10™
nodules Single 186 (8.31) 421 (18.82) cavities Single 122 (5.45) 292 (13.05)

Multi 200(0.83) 713 (31.87) Multi 32(1.43) 175 (7.82)
Middle None 553 (24.72) 594 (26.55) 1.88x10**  Medium None 692 (30.93) 1,207 (53.96) 9.24x10°
nodules Single 144 (6.44) 397 (17.75) cavities Single 80 (3.58) 173 (7.73)

Multi 85(3.80) 464 (20.74) Multi 10(0.45)  75(3.35)
Large None 730 (32.6) 1,282 (57.31) 4.36x10*  Large None 759 (33.93) 1,329 (59.41) 2.14x107
nodules Single 38(1.700 129 (5.77) cavities Single 21(0.94 80 (3.58)

Multi 14(063) 44 (1.97) Multi 2 (0.09) 46 (2.06)
Huge None 776 (34.73) 1,405 (62.99) 5.20x10™ Multi-sextant None 764 (34.15) 1,304 (58.29) 3.93x10™"
nodules Single 6 (0.27) 45 (2.01) cavities Single 16(0.72) 69 (3.08)

Multi 000 5(0.22) Multi 2 (0.09) 82 (3.67)
Multiple None 550 (24.59) 690 (30.84) 2.75x10%  Visible None  729(32.59) 1,214 (54.27) 1.96x10™
nodules Single 105 (4.69) 325 (14.53) :‘:th'fje': Single 35(1.56) 127 (5.69)

Multi 127 (5.68) 440 (19.67) Multi 18(0.80) 114 (5.10)
Calcified None 592 (26.46) 1,048 (46.85) 0.17  Anykind of None  553(24.72) 870(38.89) 1.34x10™
nodules Single 100 (4.47) 217 (9.70) cavities Single 166 (7.42) 320 (14.30)

Multi 90 (4.02) 190 (8.49) Multi 63(2.82) 265 (11.85)
Noncalcified ~ None 432 (19.31) 475(21.23) 4.08x10% Collapses None  725(32.41) 1,204 (57.85) 2.40x10°
nodules Single 175(7.82)  391(17.48) Single 42(1.88) 93 (4.16)

Multi 175 (7.82) 589 (26.33) Multi 15(0.67) 68 (3.04)
Clustered None 562 (25.12) 774 (34.60) 3.71x10"° Low GGD None 447 (19.98) 765 (34.20) 3.84x10°
nodules Single 126 (5.63) 315 (14.08) infiltrates Single 229 (10.24) 367 (16.41)

Multi 94 (4.20) 366 (16.36) Multi 106 (4.74) 323 (14.44)
Low GGD None 420 (18.78) 405 (18.10) 8.50x10*  Medium None  401(17.93) 781(34.91)  0.23
nodules Single 174 (7.78) 420 (18.78) Iriﬁt”rjgs Single 205 (9.16) 334 (14.93)

Multi 188 (8.40) 630 (28.16) Multi 176 (7.87) 340 (15.20)
Medium None 432 (19.31) 373 (16.67) 2.55x10°° Highdensity ~ None  714(31.92) 1,100 (49.17) 1.89x10°%
:jzzigs Single 179 (8.00) 428 (19.13) infiltrates Single 58 (2.59) 192 (8.58)

Multi 171(7.64) 654 (29.24) Multi 10(0.45) 163 (7.29)
High density ~ None 682 (30.49) 1,164 (52.03) 1.12x10° Any kind of None  345(15.42) 258 (11.53) 1.47x10
nodules Single 74(3.31) 161 (7.20) nodules Single 103 (4.60) 184 (8.23)

Mutti 26(1.16) 130 (5.81) Multi 334 (14.93) 1,013 (45.28)
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Table S3 Distribution and chi-squared test results of four radiological features for 782 DS-TB patients and 1,455 DR-TB patients based on the

null hypothesis that the lesion volume or the presence of lesion is independent from DS-TB or DR-TB

No. (%) of cases

No. (%) of cases

Radiological features P value Radiological features P value
DS-TB DR-TB DS-TB DR-TB
Overall 0 17 (0.76) 8 (0.36) 1.50x10°  Pleural effusion 0 175 (7.82) 461 (20.61)  1.98x10°
percentage - _gngs 653 (20.49) 1,213 (54.22) percentage of sy 603 (26.96) 987 (44.12)
of abnormal hemithorax involved
volume >50% 112 (5.01) 234 (10.46) >50% 4(0.18) 7 (0.31)
Presence of No 686 (30.67) 1,299 (58.07) 0.27 Presence of No 720 (32.19) 1,301 (58.16) 0.04
other non-TB mediastinal
Ye 4.2 1 97 Ye 2 (2.77 154 (6.
abnormalities es 9 (4.29 56 (6.97) lymphadenopathy °s 62( ) 54 (6.88)

Table S4 Detailed information of SVM model for classification between DS-TB and DR-TB

Environment Intel Xeon CPU E3-1275 V6 @ 3.80 GHz 3.79 GHz

Software Matlab 2020a

SVM model Function

‘Standardize’

Kernel function

Optimization solver

Class names

No of predictors

No of observations (1* round)
Weight matrix (1* round)

Support Vectors (1% round)

fitcsvm(trainData,trainlabel,’Standardize’,true,

ClassNames’, {‘sensitive’, ‘resistant’},

‘KernelFunction’,’RBF’,’KernelScale’,’auto’);

Standardize the predictors before training using their corresponding weighted means and
weighted standard deviations: x: =(x, —,ul.*)/of, (1)

. 1 *
where £, =Wzkwkxik ,(2)
k

v . .2
v zkwk(xik -u) -0

1 2

= w4

v, =2 (W) .6

(0;) =

xu*is observation & (row) of predictor i (column) and w; is the weight of observation & (row).
Wi is set to 1 in our work.

RBF (Radial Basis Function)

h(x,,x;)= exp(—"x[ —xj||2) , (6)

SMO (Sequential Minimal Optimization)
‘sensitive’; ‘resistant’

25

2618

2618x1

1934x25

Support vector labels (1% round) 1934x1

Note: 25-feature-based training data and testing data for the 1* round of the ten-fold cross validation, as well as SVM testing code can be
downloaded here: https://github.com/fyang5/ClassificationDRvsDS_SVM.git.
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