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Abstract
Background: The CT features and clinical manifestations of the NTM pulmonary disease are similar to
those of pulmonary tuberculosis (PTB), so it is very di�cult to identify these two diseases simply via CT
or clinical features.

Methods: From February 2013 to March 2018, 73 patients of NTM pulmonary diseases and 69 patients
of PTB with the cavity in Shandong Province Chest Hospital and Qilu Hospital of Shandong University
were retrospctively analyzed. A double-blind assessment and manual delineation of 300 cavities
as the region of interesting (ROI) from  chest CT images were performed by 2 experienced radiologists.
80% of cavities were allocated to the training set and 20% to the validation set using a random number
generated by a computer. 1409 radiomics features extracted from the Huiying Radcloud platform were
used to analyze the two kinds of diseases' CT cavity characteristics. Feature selection was performed
using analysis of variance (ANOVA) and least absolute shrinkage and selection operator (LASSO)
methods, and six supervised learning classi�ers (KNN, SVM, XGBoost RF LR , and DT models) were used
to analyze the features, The Receiver Operating Characteristic (ROC), sensitivity and speci�city were used
to evaluate the model's performance.

Results: 29 optimal features were selected by the variance threshold method, K best method, and Lasso
algorithm.and the ROC curve values are obtained. In the training set, the AUC values of the six models
were all greater than 0.97, 95% CI were 0.95-1.00, the sensitivity was greater than 0.92, and the speci�city
was greater than 0.92. In the validation set, the AUC values of the six models were all greater than 0.84,
95% CI were 0.76-1.00, the sensitivity was greater than 0.79, and the speci�city was greater than 0.79.

Conclusion: The radiomics features extracted from cavity on CT images can provide effective proof in
distinguishing the NTM pulmonary disease from PTB, and the radiomics analysis shows a more accurate
diagnosis than the radiologists .

Background
The incidence of nontuberculous mycobacteria (NTM) has been increasing rapidly worldwide in recent
years (1-2). NTM, usually involving the lung, has the characteristics such as slow growth, long course,
and high resistance to �rst-line anti-tuberculosis drugs, which caused a low total care rate.(3). In order to
improve the treatment effect, the accuracy of the diagnosis before treatment is crucial. However, the CT
features and clinical manifestations of the NTM pulmonary disease are similar to those of pulmonary
tuberculosis (PTB), so it is very di�cult to identify these two diseases simply via CT or clinical features.
At present, the main methods to distinguish them include the culture of mycobacterium in sputum and
the identi�cation of the species. However, these methods are time-and resource-consuming and require
higher laboratory standards, which can not be provided in many local hospitals (4). Moreover, even
culture result is positive, further identify the species is also needed. Some studies (5-6) have shown that
there usually were some imaging changes of NTM pulmonary disease, particularly the cavity of the lesion
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on chest CT images, and the cavity is also a common imaging feature of chronic PTB (7). Unfortunately,
most cavities on CT of this two kinds of diseases are di�cult to be an effective identi�cation points for
the radiologists. In recent years, radiomics, mining data features through high-throughput extraction,
shows a great potential in the diagnosis and differentiation of lung diseases, such as pulmonary nodules
and early lung cancer (8,9), which may provide a possible method to identify the NTM pulmonary disease
from PTB. In addition, the pathological difference in the cavity between two kinds of diseases have been
proved (10), which increases the identi�cation possibility for them. In this piece, it is the �rst study to
investigate the value of CT radiomics analyzing cavity in identi�cation of the NTM pulmonary disease
and PTB. Objective to explore the value of this technique in the differential diagnosis of two diseases,
and to provide a new and simple diagnostic method for clinical treatment.

Materials And Methods
2.1 Patient information

The study retrospectively analyzed 89 patients with NTM pulmonary disease and other 100 cases of
patients with PTB with cavity (11) in CT imaging in the Shandong Provincial Chest Hospital and Qilu
Hospital of Shandong University from February 2013 to March 2018. The content of this study was
approved by the ethics committee of Shandong University. All patients with lung changes underwent a
plain chest scan using Philips 64-slice spiral CT before treatment, and the quality correction was quali�ed
before the CT scan.The patient with NTM pulmonary disease or PTB lay down in supine position, and CT
scan from the tip of the lungs to the level of the thoracic cavity was carried out when holding his breath.
CT scanning parameters were as following: the diameter of the inspected detector, 64 × 0.625 mm; the
rotation time, 0.5 s; the pitch, 1.375; the tube voltage, 120 kV; the tube current, 250 ~ 400 mA, which was
modulated using an automatic tube current; and the thickness of the slice, 5 mm.

The inclusion criteria: (1) All cases of patients with NTM pulmonary disease were diagnosed with sputum
cultured twice and the strains were identi�ed as the same pathogenic bacteria (7,12). All cases of
patients with PTB were identi�ed by the new version of the tuberculosis diagnosis and tuberculosis
classi�cation standard issued by China National Health Service Commission on November 9, 2017. 1,
Twice sputum samples of the same patient were positive for acid-fast bacilli after smearing, and were
identi�ed as mycobacterium tuberculosis complex by colloidal gold method. (2)The CT images (lung
window) indicated the existence of cavity more than 3mm. (3) Corresponding anti-NTM or -PTB treatment
was effective. (4) All images were met the analytical criteria of the radiomics. Exclusion criteria: (1) CT
image showed the lesions without cavities. (2) Some factors might in�uencd the accuracy of analysis
including CT images with motion artifacts, poor image quality, massive differences in scanning
parameters and inconsistent slice thicknesses. (3)The bullae and other cavities without wall. (4)
Corresponding treatments had no effect. (5) The clinical data showed that the patient had the possibility
of mixed infection. (6,)The outer wall is di�cult to be delineated because it was covered by the
surrounding opacities or consolidation. After screening, 16 patients with NTM pulmonary diseas and 31
patients with PTB were excluded, A total of 73 patients with NTM pulmonary disease were enrolled in this
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study, including 47 males and 26 females, with an average age of 57.3 ± 14.0 years(ranged from 23- 86
years). And other 69 patients were with PTB, including 48 males and 21 females; mean age 45.7 ± 17.9
years(ranged from 17-90 years).

2.2 Characterization of lesions

All imaging and clinical data were uploaded to a Radiance's Radcloud platform (Huiying Medical
Technology Co., Ltd) for further study. Two radiologists (reader 1: Q.Y, Six years of experience, and reader
2: S.Q, Ten years of experience) with expertise in chest disease were invited to interpret and delineate the
cavities on lung-window CT images (W 1500, L -500). The two readers were both blinded to the clinical
and pathogenic information. The �rst and last slices were excluded in order to eliminate errors caused by
the volume effect, then the reader 1 manually sketched the ROI by delineating the outline of the entire
cavity on all contiguous slices. The contour line was drawn on the outer edge of the cavity and should
completely include the cavity and its wall. If there were ground-glass opacities or consolidation partly
next to the cavity, the outline was drawn along the existing outer wall on referring to its thickenss and the
shape of inner wall. If there were multiple cavities in the patient's lungs, each cavity was individually
outlined as an independent ROI; and if two or more lung cavities were connected or multilocular, they
would be treated as one cavity to be drawn the outer wall. The small cavity with a diameter less than
0.5cm was not drawn because of possible delineating error. A total of 301 ROIs were manually mapped
out from CT images of 142 patients. Afterwards, reader 2 with senior professional title then reviewed all
the delineation. If the difference between the two readers was greater than or equal to 5%, the senior
reader determined the cavity ROI boundary (13). The drawn contour lines of the cavity on the lung-
window CT images were shown in Fig. 1 (NTM pulmonary disease) and Fig. 2 (PTB).

2.3 Features extraction

A total of 1409 quantitative imaging features were extracted from ROIs with the RadCloud platform.
These features were devided into three groups: Group 1 (intensity statistics features) consisted of 270
features that quantitatively delineated the distribution of voxel intensities within the CT images through
commonly used and basic metrics. Group 2 (shape- and size-based features) contained 16 three-
dimensional features that re�ected the shape and size of the region. Group 3 (texture features) calculated
by grey level run-length matrices (GLRLM), grey level co-occurrence texture matrices (GLCM), gray level 
size zone matrix (GLSZM), neighbouring gray tone difference matrix (NGTDM), and gray level 
dependence matrix (GLDM), and 1123 textural features that could quantify region heterogeneity
differences were classi�ed into group 3 (texture features).

2.4 Features selection

As described above, high-throughput image features may be computed. However, not all the features were
useful for a particular task. Therefore, in order to obtain the most relevant features, feature selection for
the speci�c task was a necessary steps. Analysis of variance (ANOVA) and least absolute shrinkage and
selection operator (LASSO) were used to remove redundant feature. ANOVA belongs univatiate feature
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selection method, using P value  0.05 as the signi�cant differences in features between the two lesions.
For the LASSO method, L1 regularizer was used as the cost function, the error value of cross validation
was 5, and the maximum number of iterations was 1000.

2.5 Statistical analysis

The statistical analysis was performed in the Radcloud platform. After feature selection, a total of 66
features identi�ed were signi�cantly correlated to differentiating NTM pulmonary disease from PTB.
Based on the selected features, there were several supervised learning classi�ers available for
classi�cation analysis. In this study, the radiomics-based models were constructed with 6 classi�ers, k-
NearestNeighbor (KNN), Support Vector Machin (SVM), eXtreme Gradient Boosting (XGBoost), Random
Forest (RF), Logistic Regression (LR) and Decision tree(DT), and the validation set was used to evaluate
the effectiveness of these models. To assess the predictive performance, the receiver operating
characteristic (ROC) curve and the area under curve (AUC) were used both in training set and validation
set respectively. And four indicators including P (precision = true positives / (true positives+ false
positives)), R (recall = true positives / (true positives+ false negatives)), f1-score (f1-score = P*R*2/
(P+R)), support (total number in test set) to evaluate the performance of classi�er in this study.

Results
Firstly, 476 features were selected from 1409 features using the variance threshold method (Fig. 3). Then
349 features were selected with the ANOVA method (Fig.4). Finally, we selected 29 optimal features with
LASSO algorithm (Fig. 5).When training with KNN SVM, XGBoost, RF, LR and DT classi�er, the AUC of
training set and validation set were shown in Fig. 6- 11.

Tab. 1 ROC results with KNN, SVM, XGBoost, RF, LR and DT classi�ers of training set
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Classi�ers Category AUC 95% CI Sensitivity Speci�city

KNN NTM 0.9886909810573932 0.96 - 1.00 0.92 0.96

TB 0.9886909810573933 0.96 - 1.00 0.96 0.92

SVM NTM 0.979926491376873 0.95 - 1.00 0.95 0.96

TB 0.9799264913768732 0.95 - 1.00 0.96 0.95

XGBoost NTM 0.9998586372632173 0.99 - 1.00 0.98 0.99

TB 0.9998586372632174 0.99 - 1.00 0.99 0.98

RF NTM 0.9999646593158045 0.99 - 1.00 0.99 1

TB 0.9999646593158044 0.99 - 1.00 1.00 0.99

LR NTM 0.9868532654792197 0.96 - 1.00 0.95 0.95

TB 0.9868532654792197 0.96 - 1.00 0.95 0.95

DT NTM 1 1.00 - 1.00 1.00 1

TB 1 1.00 - 1.00 1.00 1

 

Tab. 2 ROC results with six classi�ers of validation set

Classi�ers Category AUC 95% CI Sensitivity Speci�city

KNN NTM 0.987012987012987 0.93 - 1.00 0.94 0.96

TB 0.987012987012987 0.93 - 1.00 0.96 0.94

SVM NTM 0.9837662337662338 0.91 - 1.00 0.97 0.82

TB 0.9837662337662338 0.91 - 1.00 0.82 0.97

XGBoost NTM 0.9848484848484849 0.94 - 1.00 0.97 0.96

TB 0.9848484848484849 0.94 - 1.00 0.96 0.97

RF NTM 0.9886363636363635 0.93 - 1.00 0.94 0.96

TB 0.9886363636363636 0.93 - 1.00 0.96 0.94

LR NTM 0.9751082251082253 0.91 - 1.00 0.94 0.93

TB 0.9751082251082251 0.91 - 1.00 0.93 0.94

DT NTM 0.8474025974025974 0.76 - 0.94 0.91 0.79

TB 0.8474025974025973 0.76 - 0.94 0.79 0.91
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Six classi�ers were used to analyze the characteristics of radiomic AUC, 95% CI, sensitivity and speci�city
of training set and veri�cation set were shown in Tab.1 and Tab. 2. In the training set, the AUC values of
the six models were all greater than 0.97, 95% CI were 0.95-1.00, the sensitivity was greater than 0.92, and
the speci�city was greater than 0.92. In the validation set, the AUC values of the six models were all
greater than 0.84, 95% CI were 0.76-1.00, the sensitivity was greater than 0.79, and the speci�city was
greater than 0.79. It was found from the table data that no matter the training set or the truth veri�cation
set, the AUC value was very high, which was greater than 0.84. The AUC of DT classi�er was the lowest,
95% CI was 0.76-0.94, sensitivity and speci�city was greater than 0.79.

Tab. 3 The results of four indicators -Precision, Recall, F1-score, Support in training set

  Indicators KNN SVM XGBoost RF LR DT

TB Precision 0.90 0.95 0.98 0.99 0.94 1.00

Recall 0.96 0.96 0.99 1.00 0.95 1.00

F1-score 0.93 0.95 0.99 1.00 0.95 1.00

Support 108 108 108 108 108 108

NTM Precision 0.97 0.97 0.99 1.00 0.96 1.00

Recall 0.92 0.95 0.98 0.99 0.95 1.00

F1-score 0.94 0.96 0.99 1.00 0.96 1.00

Support 131 131 131 131 131 131

Tab. 4 The results of four indicators -Precision, Recall, F1-score, Support in validation set

  Indicators KNN SVM XGBoost RF LR DT

TB Precision 0.93 0.96 0.96 0.93 0.93 0.88

Recall 0.96 0.82 0.96 0.96 0.93 0.79

F1-score 0.95 0.88 0.96 0.95 0.93 0.83

Support 28 28 28 28 28 28

NTM Precision 0.97 0.86 0.97 0.97 0.94 0.83

Recall 0.94 0.97 0.97 0.94 0.94 0.91

F1-score 0.95 0.91 0.97 0.95 0.94 0.87

Support 33 33 33 33 33 33

In the training set, the accuracy of the six models was greater than 0.90, the recall rate was greater than
0.92, the F1 score was greater than 0.93, and the support were 108 and 131(Tab. 3). In the validation set,
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the accuracy of the six models was greater than 0.83, the recall rate was greater than 0.79, the F1 score
was greater than 0.83, and the support were 28 and 33(Tab. 4).

Discussion
NTM pulmonary disease refers to lung diseases caused by mycobacteria except mycobacterium
tuberculosis complex and mycobacterium leprae. These bacteria exist wildly in water and soiland a total
of 156 types of NTM have been found in former study (3,14-15), of which only a small number of bacteria
can cause disease. The incidence and prevalence of NTM pulmonary disease are increasing in some
countries and regions (16-19). In some areas, they are even higher than those of PTB (3). The
identi�cation of NTM pulmonary disease and PTB requires pathogenic testing, but it is a complex step.
And the simple and non-invasive chest CT imaging has a very important role in diagnosis and differential
diagnosis. CT of NTM pulmonary disease shows a variety of signs such as cavity, bronchiectasis, and
bronchiectasis, which makes it di�cult to distinguish from PTB (20,21). Among them, cavity is a more
common imaging manifestation in NTM pulmonary disease (22,23). There are plenty literature results on
the comparison of cavity types of pulmonary disease, and the opinions are widely divergent (24,25).
Some studies (26) had shown that the cavities of NTM pulmonary disease are more located near the
pleura of the lungs than those of PTB. Other studies (22) pointed out that NTM pulmonary disease has
more thin-walled cavities than PTB, while some studies suggest that there is no statistical difference in
cavity wall results for the two diseases(5,23). Thase shown that there was still controversy in the use of
conventional CT to identify the cavity features, especially its practical value.

In recent years, radiomics has developed rapidly, which converts medical images into high-dimensional
images, and obtains quanti�able data features through quantitative high-throughput analysis, and then
performs data analysis to provide clinical support. Radiomics has shown a very important role in the
diagnosis and differential diagnosis of clinical pulmonary diseases, such as screening of small
pulmonary nodules, diagnosis of lung cancer, guidance of the treatment of pulmonary disease, and
prognosis prediction (26-28). It also shows good application in the diagnosis of some common infectious
diseases (29.30). However, there are relatively few studies on diffuse pulmonary disease (31.32), and we
assume the main reason is di�cult to select and delineate the target area. The imaging of NTM
pulmonary disease is complex and variable, but the cavity in the lungs is similar with PTB. In addition,
studies have shown that cavity is associated with mortality (33.34), disease progression, and clinical
treatment failure (35.36), so international guidelines for the diagnosis and treatment of NTM pulmonary
disease indicate that patients with cavity need active treatment (37). Therefore, in this study, cavities were
used as target areas for radiomics analysis, and radiomics features obtained from cavities were used to
explore the value of identifying the disease from PTB.

In this study, the cavities of NTM pulmonary disease and PTB were used as potential areas of interest for
delineation. A total of 29 radiomics features were obtained from ROIs, of which 14 were texture analysis
and 15 were �rst-order statistical feature groups. The study used six supervised learning classi�ers (KNN,
SVM, XGBoost, RF, and LRandDT) to analyze the extracted lung cavity features. In the training set, the
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AUC values of the six models were all greater than 0.97, 95% CI were 0.95-1.00, the sensitivity was greater
than 0.92, and the speci�city was greater than 0.92. In the validation set, the AUC values of the six
models were all greater than 0.84, 95% CI were 0.76-1.00, the sensitivity was greater than 0.79, and the
speci�city was greater than 0.79. The obtaidne AUC values of ROC curve were all high, and their
sensitivity and speci�city were greater than 0.79. The study analyzed the characteristics of the three
classi�ers through four clinical indicators (accuracy, recall, f1 points, and support).In the training set, the
accuracy of the six models was greater than 0.90, the recall rate was greater than 0.92, the F1 score was
greater than 0.93, and the support were 108 and 131. In the validation set, the accuracy of the six models
was greater than 0.83, the recall rate was greater than 0.79, the F1 score was greater than 0.83, and the
support were 28 and 33. Therefore, the results showed that the radiomics features derived from cavities
could help differentiate NTM pulmonary disease and PTB. Although some studies have found that the CT
imaging characteristics of NTM pulmonary disease cavities observed through traditional clinical methods
are different from those of PTB(12,22,38), the results obtained by researchers' naked eye recognition may
appear subjective or empirical differences. So the effect is greatly reduced in actual clinical applications.
The radiomics analysis of the cavity characteristics of pulmonary disease has the advantages of
objectiveness, quanti�cation, stability, and nonexperience dependence. Therefore, the current clinical use
value is greater and the clinical application prospect is broader. It can be seen that the use of the
radiomics characteristics in differenting NTM pulmonary disease and PTB is promising, and the results
may help for clinical radiologist lacking experience or di�culity in visual recognition. Therefore, this
technology is a very important, non-invasive, simple and easy method to identify these two diseases.

In addition, although the pathological features of NTM pulmonary disease and tuberculosis are similar,
there are some differences as following:(1) the lesions of NTM pulmonary disease have less caseous
necrosis than PTB; (2) epithelial-like cells aggregation tends to be proliferative granuloma; and (3) the
cavities are more common and the characteristics may be with multiple forms, multiple rooms and
uneven inner walls(10). Thus, the subtle differences of these pathological features on conventional CT
images are di�cult to be distinguished resulting in a low level of differential diagnosis from PTB. The
high-throughput extracted CT data of radiomics can re�ect the internal differences of the pathological
characteristics of the two diseases, which is consistent with the pathological performance, and makes up
for the lack of visual observation and key information in CT images.

However, this study also has some limitions: 1. In order to ensure the homogeneity of the images, 5mm
layer thickness images were used in the research process. Compared with thinner slice images, some
information may be lost. 2. ROIs were delineated manually and personal subjectivity is unavoidable . 3.
We just focused on cavity as research target and ignored other image features, which will lead to a lack
of information and some typical patients cannot be studied. 4. Data analysis models need further
improvement. The above shortcomings and de�ciencies will be compensated in future research.

In conclusion, this study shows that the radiomics features based on CT imaging are effective in
identifying NTM pulmonary disease cavities and PTB cavities, which has great value for the early
noninvasive diagnosis and differentiation of NTM pulmonary disease with cavity.
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Figures

Figure 1

A patient (male, 54 years old) with a cavity of NTM pulmonary disease in the right superior lobe. Outline
along the outer edge of the cavity and include the cavity wall.
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Figure 2

A patient (male, 65 years old) with a similar cavity of PTB in the right superior lobe. Outline along the
outer edge of the cavity and include the cavity wall.
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Figure 3

Variance threshold on feature select. We selected 857 radiomics features using variance threshold
method (variance threshold = 0.8). The abscissa was the number of features, and the ordinate was the
�ltering method. Light blue in the bar indicates the number of original features, and dark blue indicated
the number of �ltered features.
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Figure 5

Lasso althorithm on feature selectting. (a) Laso path; (b) MSE path; (c) coe�cients in Lass model. Using
Lasso model, 66 features which were correspond to the optimal alpha value were selected.

Figure 6
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ROC curves of KNN methods to classi�cation. (a) ROC curve of training set, the AUC were
0.988690981057 in NTM (sensitivity and speci�city were 0.92 and {"TB": 0.92, "NTM": 0.96}),
0.988690981057 in TB (sensitivity and speci�city were 0.96 and {"TB": 0.92, "NTM": 0.96}) respectively;
(b) ROC curve of validation set, the AUC were 0.987012987013 in NTM (sensitivity and speci�city were
0.94 and {"TB": 0.94, "NTM": 0.96}), 0.987012987013 in TB (sensitivity and speci�city were 0.96 and
{"TB": 0.94, "NTM": 0.96}) respectively.

Figure 7

ROC curves of SVM methods to classi�cation. (a) ROC curve of training set, the AUC were
0.979926491377 in NTM (sensitivity and speci�city were 0.95 and {"TB": 0.95, "NTM": 0.96}),
0.979926491377 in TB (sensitivity and speci�city were 0.96 and {"TB": 0.95, "NTM": 0.96}) respectively;
(b) ROC curve of validation set, the AUC were 0.983766233766 in NTM (sensitivity and speci�city were
0.97 and {"TB": 0.97, "NTM": 0.82}), 0.983766233766 in TB (sensitivity and speci�city were 0.82 and
{"TB": 0.97, "NTM": 0.82}) respectively.
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Figure 8

ROC curves of XGBoost methods to classi�cation. (a) ROC curve of training set, the AUC were
0.999858637263 in NTM (sensitivity and speci�city were 0.98 and {"TB": 0.98, "NTM": 0.99}),
0.999858637263 in TB (sensitivity and speci�city were 0.99 and {"TB": 0.98, "NTM": 0.99}) respectively;
(b) ROC curve of validation set, the AUC were 0.984848484848 in NTM (sensitivity and speci�city were
0.97 and {"TB": 0.97, "NTM": 0.96}), 0.984848484848 in TB (sensitivity and speci�city were 0.96 and
{"TB": 0.97, "NTM": 0.96}) respectively.
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Figure 9

ROC curves of RF methods to classi�cation. (a) ROC curve of training set, the AUC were 0.999964659316
in NTM (sensitivity and speci�city were 0.99 and {"TB": 0.99, "NTM": 1.0}), 0.999964659316 in TB
(sensitivity and speci�city were 1.00 and {"TB": 0.99, "NTM": 1.0}) respectively; (b) ROC curve of validation
set, the AUC were 0.988636363636 in NTM (sensitivity and speci�city were 0.94 and {"TB": 0.94, "NTM":
0.96}), 0.988636363636 in TB (sensitivity and speci�city were 0.96 and {"TB": 0.94, "NTM": 0.96})
respectively.
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Figure 10

ROC curves of LR methods to classi�cation. (a) ROC curve of training set, the AUC were 0.986853265479
in NTM (sensitivity and speci�city were 0.95 and {"TB": 0.95, "NTM": 0.95}), 0.986853265479 in TB
(sensitivity and speci�city were 0.95 and {"TB": 0.95, "NTM": 0.95}) respectively; (b) ROC curve of
validation set, the AUC were 0.975108225108 in NTM (sensitivity and speci�city were 0.94 and {"TB":
0.94, "NTM": 0.93}), 0.975108225108 in TB (sensitivity and speci�city were 0.93 and {"TB": 0.94, "NTM":
0.93}) respectively.
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Figure 11

ROC curves of DT methods to classi�cation. (a) ROC curve of training set, the AUC were 1.0 in NTM
(sensitivity and speci�city were 1.00 and {"TB": 1.0, "NTM": 1.0}), 1.0 in TB (sensitivity and speci�city were
1.00 and {"TB": 1.0, "NTM": 1.0}) respectively; (b) ROC curve of validation set, the AUC were
0.847402597403 in NTM (sensitivity and speci�city were 0.91 and {"TB": 0.91, "NTM": 0.79}),
0.847402597403 in TB (sensitivity and speci�city were 0.79 and {"TB": 0.91, "NTM": 0.79}) respectively.
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