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implications and deep learning-based automatic detection with 
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Background: This study aimed (I) to investigate the clinical implication of computed tomography (CT) 
cavity volume in tuberculosis (TB) and non-tuberculous mycobacterial pulmonary disease (NTM-PD), and 
(II) to develop a three-dimensional (3D) nnU-Net model to automatically detect and quantify cavity volume 
on CT images.
Methods: We retrospectively included conveniently sampled 206 TB and 186 NTM-PD patients in a 
tertiary referral hospital, who underwent thin-section chest CT scans from 2012 through 2019. TB was 
microbiologically confirmed, and NTM-PD was diagnosed by 2007 Infectious Diseases Society of America/
American Thoracic Society guideline. The reference cavities were semi-automatically segmented on CT 
images and a 3D nnU-Net model was built with 298 cases (240 cases for training, 20 for tuning, and 38 
for internal validation). Receiver operating characteristic curves were used to evaluate the accuracy of the 
CT cavity volume for two clinically relevant parameters: sputum smear positivity in TB and treatment in 
NTM-PD. The sensitivity and false-positive rate were calculated to assess the cavity detection of nnU-Net 
using radiologist-detected cavities as references, and the intraclass correlation coefficient (ICC) between the 
reference and the U-Net-derived cavity volumes was analyzed.
Results: The mean CT cavity volumes in TB and NTM-PD patients were 11.3 and 16.4 cm3, respectively, 
and were significantly greater in smear-positive TB (P<0.001) and NTM-PD necessitating treatment 
(P=0.020). The CT cavity volume provided areas under the curve of 0.701 [95% confidence interval 
(CI): 0.620–0.782] for TB sputum positivity and 0.834 (95% CI: 0.773–0.894) for necessity of NTM-PD 
treatment. The nnU-Net provided per-patient sensitivity of 100% (19/19) and per-lesion sensitivity of 
83.7% (41/49) in the validation dataset, with an average of 0.47 false-positive small cavities per patient (median 
volume, 0.26 cm3). The mean Dice similarity coefficient between the manually segmented cavities and the 
U-Net-derived cavities was 78.9. The ICCs between the reference and U-Net-derived volumes were 0.991 
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Introduction

Mycobacterium is a genus of aerobic acid-fast bacteria that 
cause diverse diseases to humans. The Mycobacterium genus 
comprises more than 150 species and includes important 
human pathogens such as Mycobacterium tuberculosis and 
nontuberculous mycobacteria (NTM), with representatives 
including the Mycobacterium avium complex, Mycobacterium 
kansasii, and Mycobacterium abscessus complex (1-3). 
Pulmonary tuberculosis (TB) is one of the top 10 causes of 
mortality, and 7.0 million new cases were notified worldwide 
in 2018 (4). TB remains a major global health problem as it is 
easily transmitted from human to human by droplet nuclei (5).  
Positive sputum smear test for acid-fast bacilli indicates the 
capability of disease transmission (6). On the other hand, 
NTM are ubiquitous environmental pathogens in the soil 
and water, without person-to-person transmission (7).  
The frequency of NTM isolation among mycobacterial 
isolates (8) and the prevalence of NTM pulmonary disease 
(NTM-PD) have been increasing worldwide (9) and in 
Korea (10). Not all the patients diagnosed as NTM-PD 
are coerced into treatment, and clinicians traditionally 
determined patients who need to be medicated (11).

A cavity is a radiologic and pathologic hallmark of 
pulmonary mycobacterial disease and one of the most 
relevant features to disease burden and prognosis (12-15). 
Each cavity contains an enormous burden of bacilli, resulting 
in high infectivity, drug resistance, and treatment failure 
in pulmonary TB (16,17). Similarly, a cavity in NTM-PD 
is a risk factor for reduced sputum culture conversion and 
mortality (9,15), and cavity-associated biofilms may explain 
the incurability of M. abscessus disease (18). Particularly, 
the NTM treatment guideline in 2020 suggests treatment 
initiation for cavitary NTM at diagnosis rather than 
watchful waiting followed by treatment initiation when 
disease progressed (11).

Computed tomography (CT) is a crucial imaging 
modality for evaluating lung parenchymal lesions in 
pulmonary TB and NTM-PD, including cavities (5,9,19). 
Assessing the cavity burden on CT images from patients 
with pulmonary TB and NTM-PD may help monitor the 
treatment response of drug-resistant TB and the treatment 
initiation of NTM-PD requiring long-term treatment. 
Nevertheless, it can be cumbersome to measure the 
baseline cavity burden and to track changes in the burden 
on CT images, particularly for volumetric measurements 
that require substantial time and human resources. Deep 
learning algorithms are increasingly used to automatically 
detect and quantify pulmonary diseases on CT images and 
replace the laborious efforts of radiologists. Deep learning 
models were developed for various lung diseases on chest 
CT such as lung cancer screening and diffuse lung disease 
classification (20). Several models were developed for 
mycobacterial diseases, for example, to differentiate NTM 
from Mycobacterium tuberculosis (21), to diagnose pulmonary 
TB (22), or to evaluate the activity or severity pulmonary 
TB (23,24). Yet, to our knowledge, there has been no 
previous model to detect and quantify the CT cavity itself, 
which is a hallmark of mycobacterial pulmonary disease. 
Among numerous deep learning methods, convolutional 
neural network (CNN), represented by U-Net, is an 
effective model that consists of multiple layers to find the 
most significant features from the hierarchical information 
(25-27). In particular, nnU-Net automatically configures the 
network by itself without manual parameter optimization 
and provides better segmentation performance than a 
conventional U-Net (28).

Herein, we hypothesized that (I) CT cavity volume was 
associated with sputum positivity in TB and the necessity 
of treatment in NTM-PD and (II) deep learning could 
automatically detect and quantify mycobacterial cavities 

(95% CI: 0.983–0.995) and 0.933 (95% CI: 0.897–0.957) on a per-patient and per-lesion basis, respectively. 
Conclusions: CT cavity volume was associated with sputum positivity in TB and necessity of treatment in 
NTM-PD. The 3D nnU-Net model could automatically detect and quantify mycobacterial cavities on chest 
CT, helping assess TB infectivity and initiate NTM-TB treatment.
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on chest CT. We aimed (I) to investigate the association of 
CT cavity volume with sputum smear positivity in TB and 
necessity of treatment in NTM-PD, and (II) to develop a 
three-dimensional (3D) nnU-Net model for the automatic 
detection and volumetric quantification of mycobacterial 
cavities on CT images. We present the following article in 
accordance with the STARD reporting checklist (available 
at https://qims.amegroups.com/article/view/10.21037/
qims-22-620/rc).

Methods

The study was conducted in accordance with the Declaration 
of Helsinki (as revised in 2013). The institutional review 
board of Seoul National University Hospital approved this 
study involving no more than minimal risk to the subjects 
and waived the requirement for informed consent.

Patient population and baseline characteristics

A study coordinator retrospectively searched for the records 

of consecutive patients who were treated for pulmonary 
TB and NTM-PD and underwent chest CT scans 
between November 2011 and July 2019 in a single tertiary 
hospital. We applied the following eligibility criteria: (I) 
microbiological confirmation of TB on sputum smear or 
culture, or polymerase chain reaction confirmations from 
respiratory specimens or NTM-PD diagnosis according to 
2007 American Thoracic Society and Infectious Diseases 
Society of America guideline (11); and (II) available thin-
section CT images at diagnosis. Two radiologists (JH Hong 
and I Yoon) reviewed the CT images of the patients in 
consensus to determine the presence of a cavity in the lung 
window setting (window width, 1,500 HU; level, −700 HU), 
resulting in a total of 108 and 93 patients with cavitary TB 
and NTM-PD, respectively. We then introduced a group 
of respectively 98 and 93 age- and sex-matched patients 
with non-cavitary TB and NTM-PD among a large pool of 
non-cavitary patients as non-cavitary mycobacterial diseases 
were more prevalent than cavitary diseases in the hospital. 
Finally, a total of 392 patients were included in this study 
(Figure 1): 206 TB patients (mean age, 57±18 years; male-

Figure 1 Study diagram for patient inclusion. *, ten patients with pulmonary tuberculosis were excluded from clinical validation due to lack 
of sputum smear data. CT, computed tomography; NTM-PD, non-tuberculous mycobacterial pulmonary disease; TB, tuberculosis; AI, 
artificial intelligence.
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to-female ratio, 152:54) and 186 NTM-PD patients (mean 
age, 64±9.7 years; male-to-female ratio, 64:122).

The coordinator collected clinical information, including 
the treatment initiation due to clinical or radiologic 
disease aggravation in NTM-PD patients by reviewing the 
electronic medical record. The treatment initiation was 
determined as decision to treat by duty physician during 
follow-up period in the included patients between 2011–
2019 based on the 2007 guideline (11). We chose NTM 
treatment initiation to examine the clinical implication of 
CT cavity volume as the 2020 NTM treatment guideline 
suggests treatment initiation for cavitary diseases (11), while 
the former 2007 guideline did not (11). The degrees of 
sputum smear positivity were based on the hospital’s clinical 
practice and defined as followings; negative (no bacilli 
detected on smear), equivocal positive (one to two bacilli 
found on 300 microscopic fields), 1+ (one to nine bacilli 
found per 100 fields), 2+ (one to nine bacilli found per 10 
fields), 3+ (one to nine bacilli per field), and 4+ (more than 
nine bacilli found per field).

Among the 392 mycobacterial pulmonary disease 
patients included in this study, 242 were never-smokers and 
the remaining 150 were ever-smokers. The average time 
interval between the sputum smear test and the CT scan of 
TB patients was 29±58 days. For NTM-PD cases who were 
treated, the mean interval between treatment initiation and 
the CT scan was 124±276 days. Furthermore, out of a total 
of 206 TB patients enrolled in our study, 19 patients had 
previous treatment history and 187 were newly diagnosed 
at the time of our study. The drug susceptibility test results 
of 206 TB cases consisted of 166 drug-susceptible, 16 
multidrug-resistant, one extensively drug-resistant, two 
other poly-drug resistant cases and 21 cases without drug 
sensitivity test results. The baseline characteristics of the 
study population are presented in Table 1.

CT acquisition

The total number of chest CT scans was 400, with 194 from 
NTM-PD patients and 206 from pulmonary TB patients. 
Eight NTM-PD patients with cavities had two CT scans, 
and the rest of the patients had one CT scan.

All CT scans were performed using one of the following 
16- or higher-channel multi-detector CT scanner of 
several manufacturers: Siemens Healthineers [Somatom 
Definition (n=73), Sensation 16 (n=53), Somatom Force 
(n=24), Somatom Definition Flash (n=10) Somatom Scope 
(n=2), Sensation 64 (n=1), and Somatom Spirit (n=1)]; 

Philips Medical Systems [Brilliance 64 (n=117), Brilliance 
iCT 256 (n=35), Ingenuity CT (n=15), and IQon Spectral 
CT (n=11)]; Toshiba [Aquilion One (n=42), Asteion (n=1)]; 
GE Healthcare [Discovery CT750 HD (n=6), Lightspeed 
VCT (n=2), Lightspeed Ultra (n=1), Brightspeed (n=1), 
Hispeed (n=1), Optima CT660 (n=1), and Revolution CT 
(n=1)]; Shimadzu equipment (SCT-7000TS (n=2)]. CT scans 
were obtained in the supine position at full inspiration with 
(n=106) or without (n=294) contrast enhancement. The 
CT tube voltage and current settings were 100–120 kVp  
and a standard-dose (n=137) or low-dose (n=263) scan 
with automatic exposure control. The field of view of 
the CT scans covered a whole thorax (median value of 
319 mm × 319 mm, ranging from 238 mm × 238 mm to 
420 mm × 420 mm) and the matrix sizes were uniformly 
512×512. CT images were reconstructed mostly with a 
slice thickness of 1 mm (n=357) or 1.25 mm (n=5) and a 
minor number of cases with larger thickness only used for 
clinical feature assessment and not for deep learning model 
development (2 mm, n=3; 2.5 mm, n=4; 3 mm, n=31). A 
sharp reconstruction kernel was applied to the CT images.

Segmentation and volumetric measurement of cavities

CT images were uploaded and displayed in a lung window 
setting in commercially available segmentation software 
(MEDIP PRO v2.0.0.0, MEDICALIP Co. Ltd.). A cavity 
was defined as an abnormal air-filled space in the lung 
parenchyma with perceptible wall within pulmonary 
consolidation, a mass, or a nodule based on the Fleischner 
Society glossary (29). All cavities on CT images were 
initially segmented by a third-year radiology resident (I 
Yoon) in every axial CT image slice using a semi-automatic 
method, producing volumetric cavity masks. A chest 
radiologist (SH Yoon, with 15 years of clinical experience 
in thoracic imaging) reviewed and confirmed the cavity 
masks. The two radiologists were blinded to the clinical 
information of the patients. The volume of each segmented 
mask was calculated in the software.

Model development

Radiologist-derived masks served as reference masks. To 
build the 3D nnU-Net, we used 298 cases, with 5,862 
positive and negative slices each. The positive slices were 
provided by all CT images containing cavity masks of 
199 patients with 1- to 1.25-mm CT images amongst 211 
patients who have cavities. In contrast, negative slices were 
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randomly selected from CT images not containing cavity 
masks from the 199 patients above and additional CT 
images from eighty patients with 1- to 1.25-mm CT scan 
amongst 191 patients without cavitary diseases. We assigned 
240 cases for training, 20 for tuning, 38 randomly chosen 
age- and sex-matched cases, including 19 cases with cavities 
and 19 cases without cavities, were assigned for internal 
validation.

nnU-Net is an up-to-date deep-learning segmentation 

scheme that is characterized by automatic configuration of 
the entire segmentation process regardless of various dataset 
properties (28). We implemented the nnU-Net codes 
publicly available on GitHub (https://github.com/MIC-
DKFZ/nnUNet). The 3D nnU-Net received an input size 
of 96×160×160 and used five encoders and five decoders. 
Every step consists of two convolution modules, each 
followed by instance normalization and Leaky Rectified 
Linear Unit (LReLU). The encoder adopted 3×3×3 

Table 1 Baseline characteristics of the study population

Characteristic All (n=392)
TB cohort NTM cohort

Cavity (−) (n=98) Cavity (+) (n=108) Cavity (−) (n=93) Cavity (+) (n=93)

Age† (years) 60±15 57±18 56±18 63±9.7 64±9.7

Sex

Male 216 73 79 32 32

Female 176 25 29 61 61

Smoking history

Never-smoker 242 53 47 74 68

Ex-smoker 67 13 16 17 21

Current smoker 83 32 45 2 4

Symptom

Cough 50% (195/392) 51% (50/98) 56% (61/108) 43% (40/93) 47% (44/93)

Sputum 53% (209/392) 37% (36/98) 45% (49/108) 71% (66/93) 62% (58/93)

Hemoptysis 15% (58/392) 5% (5/98) 14% (15/108) 16% (15/93) 25% (23/93)

Weight loss 12% (47/392) 9% (9/98) 18% (19/108) 6% (6/93) 14% (13/93)

Sputum positivity 29% (57/196) 14% (14/98) 44% (43/98) Not applicable Not applicable

Treatment initiation 51% (94/186) Not applicable Not applicable 22% (20/93) 80% (74/93)

Cavity

Mean number†‡ 2.3±2.1 0 2.6±2.4 0 2.1±1.8

Mean volume (cm3)†‡ 13.8±36.7 0 11.3±14.6 0 16.4±50.6

Lobar location

RUL 179 0 110 0 69

RML 24 0 6 0 18

RLL 105 0 43 0 62

LUL 117 0 79 0 38

LLL 62 0 38 0 24
†, the values are presented as means ± standard deviation; ‡, considering only the cavity positive cases. NTM, nontuberculous 
mycobacteria; TB, tuberculosis; RUL, right upper lobe; RML, right middle lobe; RLL, right lower lobe; LUL, left upper lobe; LLL, left lower 
lobe.

https://github.com/MIC-DKFZ/nnUNet
https://github.com/MIC-DKFZ/nnUNet
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convolution pooling, whereas the decoder adopted 2×2×2 
transposed convolution to restore the feature. Softmax 
function was used at the final layer and stochastic gradient 
descent algorithm were used train the network (Figure 2).

The hyper-parameters, hardware and software used 
for the model development are listed in Tables 2,3. The 
simplified code for the model can be found on GitHub 
(https://github.com/josephnw/cavity-nnunet-pytorch).

Statistical analysis

Association of CT cavity volume with sputum positivity 
in TB and treatment necessity for NTM-PD
The Pearson chi-square test was performed to evaluate 
the correlations between symptoms and the presence of a 
cavity. The per-case cavity volumes of the TB and NTM-
PD patients were compared using the independent sample 
t-test and the F-test. The independent t-test was performed 

Legend
3×3×3 convolution, InstNorm, LReLU 
3×3×3 convolution pooling, InstNorm, LReLU 
2×2×2 transposed convolution 
Concatenation (skip connection) 
1×1×1 2D Convolution, softmax activation

1 32

* *
Input 

96×160×160

64

*48×80×80

128

*24×40×40

12×20×20 *

256

6×10×10
320

*
320

*6×5×5 6×5×5

48×80×80

24×40×40

12×20×20

6×10×10
320

* *

* *

64

128

256

* *

* *

* *

232
Output 

96×160×160
1) Cavity 
2) Background

Figure 2 Architecture of 3D nnU-Net. The 3D nnU-Net consists of five encoders and five decoders. The network performs the sliding 
window inference through x, y, z dimensions with a size of 96×160×160 for each prediction. 2D, two-dimensional; 3D, three-dimensional; 
LReLU, Leaky Rectified Linear Unit.

Table 2 Model hyper-parameters

Parameter Value

Network initialization Kaiming He Initialization

Initial feature map size 32

Patch size 96×160×160

Batch size 2

Number of convolution operations 28

Data augmentation Image scaling, rotation, flip, elastic deformation and gamma transformation

Activation function Leaky ReLU with negative slope of 0.01

Loss function Dice loss + cross-entropy loss

Optimizer Stochastic gradient descent with Nesterov momentum of 0.99

Learning rate Polynomial learning rate with initial value of 0.01 and decay scheduler with a power of 0.9

Number of epochs 1,000

ReLU, Rectified Linear Unit.
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to compare cavity volumes depending on sputum positivity 
in TB and the necessity of treatment in NTM-PD. The 
Spearman correlation coefficient was used to examine 
the relationship between the degree of sputum smear 
positivity (on a scale from 0 to 4+) and cavity volume in 
TB. For the eight NTM-PD patients whose two CT scans 
on different dates were incorporated in the study, only 
the CT scan temporally closer to the treatment initiation 
date was selected. Receiver operating characteristic (ROC) 
curves were drawn to determine the area under the curve 
(AUC) for assessing the diagnostic accuracy of CT cavity 
volume for sputum positivity and necessity of treatment in 
TB and NTM-PD, respectively. We calculated accuracy 
measures for optimal cutoff values on the basis of the ROC 
analysis by maximizing the Youden index (Youden index = 
sensitivity + specificity −1). The AUC values of the male 
and female subgroups were compared in TB and NTM-
PD, respectively.

Performance evaluation of the 3D nnU-Net model for 
cavity detection and segmentation on CT images
The per-patient and per-lesion sensitivity, specificity, and 
accuracy were calculated to assess the ability of the 3D 
nnU-Net model to detect cavities. Per-patient calculations 
were carried out utilizing the original 3D nnU-Net 
detection results of each case. Per-patient sensitivity was 
determined as the number of cases that had any correctly 
detected cavities divided by the total number of cavity-
positive cases. Per-lesion sensitivity was defined as the 
number of correctly detected cavities divided by the number 
of total reference cavities. The false-positive rate was also 
calculated by dividing the number of false-positive cavities 
by the total number of cases.

The intraclass correlation coefficient was calculated 
and Bland-Altman analysis was conducted between the 

reference cavity volume and the U-Net-derived volume 
to analyze the consistency of volume measurements made 
using the two different methods. The paired t-test was 
performed to compare the mean values of the reference 
and U-Net-detected cavity volumes. The Dice similarity 
coefficient, sensitivity, and precision were calculated for a 
quantitative measurement of the overlap between reference 
cavities and U-Net-derived masks. Analysis on association 
of radiologist-detected and 3D nnU-Net-derived CT cavity 
volume with a clinical index of mycobacterial diseases was 
described in Appendix 1.

Evaluation for potential clinical utility of the 3D nnU-
Net model
Two chest radiologists with 15 and 5 years of clinical 
experience (SH Yoon, JH Hong) participated in the reader 
study. First, the two radiologists read the 38 chest CT 
images of validation cases without the deep learning output 
to detect and measure the 3D diameters of the CT cavities. 
Each cavity volume was then estimated by the formula of 
ellipsoid sphere volume, multiplying 4/3 and π by three 
perpendicular radii and summated to obtain the cavity 
volume of each case. Second, the readers reviewed the CT 
images overlaid with the nnU-Net-driven cavity masks and 
modified the inappropriate masks in the MEDIP program if 
necessary. 

The intraclass correlation coefficient was calculated, and 
Bland-Altman analysis was conducted as follows: (I) between 
the reference cavity volume and the volume measured with 
or without deep learning to analyze the agreement between 
the reference volume and measured volume; (II) between 
the measured volume values of the two readers to test the 
consistency of volume measurements between them. The 
paired t-test was performed to compare the mean elapsed 
time for volume measurement according to the availability 

Table 3 Hardware and software environment

Parameter Value

CPU Intel® CoreTM i9-10980XE CPU @ 3.00 GHz ×36

GPU NVIDIA RTX3090 (24 GB)

RAM 8×32 GB

CUDA version 11.1

Programming language Python 3.8.10

Deep learning framework PyTorch 1.11.0, torchvision 0.12.0

CPU, central processing unit; GPU, graphics processing unit; RAM, random-access memory; CUDA, compute unified device architecture.

https://cdn.amegroups.cn/static/public/QIMS-22-620-Supplementary.pdf
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of deep learning assistance in each reader.
Al l  s t a t i s t i ca l  ana lyses  were  per formed us ing 

commercially available statistical software [MedCalc v19.1 
(RRID:SCR_015044); SPSS v25 (RRID:SCR_002865)].

Results

Association of CT cavity volume and symptom

Among the 392 mycobacterial pulmonary disease patients 
included in this study, about half of the patients presented 
with cough (50%) and sputum (53%). Hemoptysis (18.9% 
vs. 10.5%, P=0.019) and weight loss (15.9% vs. 7.9%, 
P=0.014) were significantly more frequent in patients with 
CT cavities than in patients without CT cavities (Table 1). 

Cavity characteristics

The number of radiologist-segmented cavities was 276 in 
the 206 TB cases, including 108 cavity-positive cases; 211 
in the 194 NTM-PD cases (from 186 patients including 
eight with two CTs of different dates), including 101 
cavity-positive cases; and 487 in all 400 cases, including 
209 cavity-positive cases. The NTM-PD and TB patients 
had similar mean per-case cavity numbers. The mean 
number of cavities per chest CT scan of only the cases with 
cavities was 2.6±2.4 in TB patients, 2.1±1.8 in NTM-PD 
patients, and 2.3±2.1 in total. The mean volume of cavities 
regarding only the lesion-positive cases was 11.3±14.6 cm3 
in TB patients, 16.4±50.6 cm3 in NTM-PD patients, and 
13.8±36.7 cm3 in total. The cavities of NTM-PD cases had 
a similar volume (P=0.420) but a larger volume range than 
those of TB cases (P=0.007). The location of the cavities 
showed a slight predominance for the upper lobes (179 in 
the right upper lobe, 24 in the right middle lobe, 105 in the 
right lower lobe, 117 in the left upper lobe, and 62 in the 
left lower lobe).

Association of CT cavity volume with sputum smear 
positivity in TB and treatment necessity for NTM-PD

Among the 196 TB patients, 57 had sputum smear-positive 
test results, and 139 had smear-negative tests. The average 
per-patient cavity volume was 11 cm3 in sputum smear-
positive TB patients and 4.0 cm3 in smear-negative patients 
(P<0.001). In the 186 NTM-PD patients, the per-patient 
volume average values were 14 cm3 in the 94 patients with 
treatment initiation due to clinical or radiologic aggravation 

and 1.6 cm3 in the 92 patients who did not receive treatment 
(P=0.020). The degree of smear positivity and cavity volume 
in TB patients showed a moderate positive relationship 
(Spearman correlation coefficient, 0.374; P<0.001).

The per-case CT cavity volume provided an AUC of 0.701 
[95% confidence interval (CI): 0.620–0.782; P<0.001] with 
optimal cutoff value of 1.4 cm3 [sensitivity, 0.72 (95% CI: 
0.59–0.83); specificity, 0.68 (95% CI: 0.59–0.75)] for sputum 
positivity in TB and 0.834 (95% CI: 0.773–0.894; P<0.001) 
with optimal cutoff value of 0.75 cm3 [sensitivity, 0.71 (95% 
CI: 0.61–0.80); specificity, 0.88 (95% CI: 0.80–0.94)] for 
treatment necessity of NTM-PD, respectively. The AUCs 
of the males [0.734 (95% CI: 0.654–0.803) in TB; 0.803 
(95% CI: 0.684–0.892) in NTM-PD] and females [0.814 
(95% CI: 0.444–0.729) in TB; 0.852 (95% CI: 0.776–0.910) 
in NTM-PD] did not significantly differ regarding the 
per-case CT volume and TB sputum positivity (P=0.1779; 
difference between areas, 0.141; difference 95% CI: −0.0643 
to 0.347) and NTM-PD treatment necessity (P=0.4337; 
difference between areas, 0.0491; difference 95% CI: 
−0.0739 to 0.172) (Figure 3).

Ability of the 3D nnU-Net model to detect cavities

Forty-nine reference cavities were provided by the 
radiologists from 19 internal validation cases with cavities. 
The trained 3D nnU-Net independently detected and 
segmented cavities on CT images from the same validation 
cases within seconds, producing volumetric cavity masks. 
Per-lesion and per-patient comparisons were made between 
the volume of reference cavity and 3D nnU-Net detected 
cavities (Tables 4-6).

In the per-lesion analysis, the 3D nnU-Net detected 
84 positive lesions in 19 internal validation cases and 19 
control cases. Forty-one lesions matched the reference 
cavities, resulting in per-lesion sensitivity of 0.84 (41/49; 
95% CI: 0.71 to 0.92). The 3D nnU-Net model detected 
18 false-positive lesions, resulting in a false-positive ratio of 
0.47. Fifteen of the 18 false-positive lesions were from all 19 
cavity-positive internal validation cases, and the remaining 
three were from two control cases.

In a per-patient analysis, the 3D nnU-Net gave a positive 
result in 21 cases, including all 19 internal validation cases 
and 2 of the 19 cavity-negative cases. The per-patient 
sensitivity, specificity, and accuracy were 1.0 (19/19; 95% 
CI: 0.8 to 1.0), 0.89 (17/19; 95% CI: 0.67 to 0.98), and 0.95 
(36/38; 95% CI: 0.82 to 0.99), respectively.



Quantitative Imaging in Medicine and Surgery, Vol 13, No 2 February 2023 755

© Quantitative Imaging in Medicine and Surgery. All rights reserved.   Quant Imaging Med Surg 2023;13(2):747-762 | https://dx.doi.org/10.21037/qims-22-620

100

80

60

40

20

0

S
en

si
tiv

ity
, %

0          20         40         60         80         100
100–Specificity, %

AUC =0.701
P<0.001

100

80

60

40

20

0

S
en

si
tiv

ity
, %

0          20         40         60         80         100
100–Specificity, %

AUC =0.834
P<0.001

100

80

60

40

20

0

S
en

si
tiv

ity
, %

0         20        40        60        80        100
100–Specificity, %

Male
Female

100

80

60

40

20

0

S
en

si
tiv

ity
, %

0         20        40        60        80        100
100–Specificity, %

Male
Female

A B

C D

Figure 3 Receiver operating characteristic curves between the cavity volumes and pulmonary tuberculosis sputum smear positivity (A) or the 
necessity of treatment for non-tuberculosis mycobacterial pulmonary disease (B), along with cross-tabulation analysis according to gender 
(C,D). (A) In the analysis of per-case CT volume and sputum positivity of TB, the area under the curve was 0.701 (95% CI: 0.620–0.782; 
P<0.001) with the optimal cutoff value of 1.4 cm3. (B) In the analysis of per-case CT volume and treatment necessity of NTM-PD, the area 
the under curve was 0.834 (95% CI: 0.773–0.894; P<0.001) with the optimal cutoff value of 0.75 cm3. (C) In the cross-tabulation analysis of 
per-case CT volume and sputum positivity of TB, the difference of areas under the curves between males [0.734 (95% CI: 0.654–0.803)] and 
females [0.814 (95% CI: 0.444–0.729)] were not significant (P=0.1779; difference between areas, 0.141; difference 95% CI: −0.0643 to 0.347). 
(D) In the cross-tabulation analysis of per-case CT treatment necessity of NTM-PD, the difference of areas under the curves between males 
[0.803 (95% CI: 0.684–0.892)] and females [0.852 (95% CI: 0.776–0.910)] were not significant (P=0.4337; difference between areas, 0.0491; 
difference 95% CI: −0.0739 to 0.172). AUC, area under the curve; CI, confidence interval; CT, computed tomography; TB, tuberculosis; 
NTM-PD, non-tuberculous mycobacterial pulmonary disease.

Table 4 Per-case cavity detection by the 3D nnU-Net model

Cases with or without cavities
Cases with reference cavity Cases without reference cavity Sum

Total NTM-PD TB Total NTM-PD TB Total NTM-PD TB

Cases with 3D nnU-Net-detected cavity 19 9 10 2 1 1 21 10 11

Cases without 3D nnU-Net-detected cavity 0 0 0 17 8 9 17 8 9

Sum 19 9 10 19 9 10 38 18 20

3D, three-dimensional; NTM-PD, nontuberculous mycobacteria pulmonary disease; TB, tuberculosis.
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Cavity quantification by the 3D nnU-Net model

The average per-patient volume from the reference 
cavities (3.5±7.7 cm3) and that from the 3D nnU-Net-
predicted results (3.7±8.9 cm3) were not significantly 
different (P=0.527). The average per-lesion volumes were 
1.6±3.7 cm3 for the reference cavities and 1.7±3.9 cm3 for 
the valid manually separated masks of the 3D nnU-Net-
predicted cavities (P=0.723). The per-patient and per-lesion 
intraclass correlation coefficients between the reference 
volume and the U-Net-driven volume were excellent, with 
values of 0.991 (95% CI: 0.983–0.995) and 0.933 (95% CI: 
0.897–0.957), respectively (Table 7). The Bland-Altman 
plots representing the differences and mean values of the 
reference cavity volume and the U-Net-derived volume of 
validation cases are shown in Figure 4. In the per-patient 
analysis, the mean difference and 95% limits of agreement 
were −0.16 cm3 and −3.2 (95% CI: −4.1 to −2.4 cm3) to 
3.0 cm3 (95% CI: 2.0 to 3.8 cm3), respectively; in the per-
lesion analysis, the mean difference and the 95% limits of 

agreement were −0.07 cm3 and −3.8 (95% CI: −4.5 to −3.1 
cm3) to 3.7 cm3 (95% CI: 2.9 to 4.4 cm3), respectively.

Regarding segmentation accuracy between the manually 
segmented cavities and the nnU-Net-derived cavities, 
the mean Dice similarity coefficient was 78.9±10.7, the 
sensitivity was 81.0±13.5, and the precision was 79.2±13.0 
(Figures 5,6).

The median per-lesion volume of the false-positive 
lesions was 0.26 cm3 (mean, 1.0±3.1 cm3). The false-positive 
lesions were generally small, and 10 of the 18 false-positive 
lesions had predicted volumes smaller than 0.30 cm3. On 
the contrary, only 7 of the 41 true-positive lesions exhibited 
predicted volumes smaller than 0.30 cm3 (Figure 7).

There were eight false negative lesions out of 84 nnU-
Net detected cavity lesions. The mean volume of the false 
negative cavity lesions was 1.9±2.3 cm3 (Figure 8).

Evaluation for potential clinical utility of the 3D nnU-Net 
model

The agreement of the per-case cavity volume with the 
reference cavities was also greater with deep learning 
assistance. The intraclass correlation coefficients between 
the reference cavity volume and reader-assessed cavity 
volumes increased when 3D nnU-Net-driven cavity masks 
were provided (0.982 in reader 1 with 95% CI of 0.966–
0.991 and 0.990 in reader 2 with 95% CI of 0.980–0.995) 
compared to absence of the masks (0.934 in reader 1 with 
95% CI of 0.872–0.966 and 0.778 in reader 2 with 95% CI 
of 0.573–0.885). The Bland-Altman plots representing the 
differences and mean values of the reference cavity volume 
and volume measured by readers with or without AI assists 
are shown in Figure 9.

The intraclass correlation coefficient between the per-
case cavity volumes measured by two readers was higher 
in assist of the deep learning model (0.994 with 95% CI of 
0.988–0.997) than working only by radiologists themselves 
(0.916 with 95% CI of 0.839–0956). The Bland-Altman 

Table 5 Per-lesion cavity detection by the 3D nnU-Net model

Cavity lesions
Reference cavities No reference cavity Sum

Total NTM-PD TB Total NTM-PD TB Total NTM-PD TB

3D nnU-Net-detected cavities (+) 41 15 26 18 10 8 59 25 34

3D nnU-Net-detected cavities (−) 8 3 5 17 8 9 25 11 14

Sum 49 18 31 35 18 17 84 36 48

3D, three-dimensional; NTM-PD, nontuberculous mycobacteria pulmonary disease; TB, tuberculosis.

Table 6 Ability of the 3D nnU-Net model to detect cavities

Variables Values

Per-case sensitivity† 1.0 (19/19; 95% CI: 0.8 to 1.0)

Per-case specificity‡ 0.89 (17/19; 95% CI: 0.67 to 0.98)

Per-case accuracy§ 0.95 (36/38; 95% CI: 0.82 to 0.99)

Per-lesion sensitivity¶ 0.84 (41/49; 95% CI: 0.71 to 0.92)

False positive ratio†† 0.47 (18/38)
†, sensitivity = total number of true positive cases/total number 
of positive cases; ‡, specificity = total number of true negative 
cases/total number of negative cases; §, accuracy = number of 
true positive and true negative cases/total number of cases; ¶, 
per-lesion based sensitivities = number of true positive lesions/
total number of reference lesions; ††, false-positive detections 
per CT scan = total number of false positive lesions/total number 
of cases. CI, confidence interval; CT, computed tomography; 
3D, three-dimensional. 
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Table 7 Quantification of cavities by the 3D nnU-Net model

Analysis basis
Average volumes of cavities (cm3)†

P values‡ Intraclass correlation coefficients (95% CI)§

Reference cavities 3D nnU-Net-predicted cavities

Per-patient 3.5±7.7 3.7±8.9 0.527 0.991 (0.983–0.995)

Per-lesion 1.6±3.7 1.7±3.9 0.723 0.933 (0.897–0.957)
†, the values are presented as means ± standard deviation; ‡, P values calculated by paired t-test comparing the mean values of the 
reference and U-Net-detected cavity volumes; §, intraclass correlation coefficient calculated between the reference cavity volume and the 
U-Net-derived volume. CI, confidence interval; 3D, three-dimensional.
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Figure 4 Bland-Altman analysis between the reference cavity volume and 3D nnU-Net-derived cavity volume in the validation dataset 
on a per-case (A) and a per-lesion (B) basis. (A) The per-patient analysis provided the mean difference of −0.16 cm3 and the 95% limits 
of agreement of −3.2 cm3 (95% CI: −4.1 to −2.4 cm3) to 2.9 cm3 (95% CI: 2.0 to 3.8 cm3). (B) The per-lesion analysis provided the mean 
difference of −0.07 cm3 and the 95% limits of agreement of −3.8 cm3 (95% CI: −4.5 to −3.1 cm3) to 3.7 cm3 (95% CI: 2.9 to 4.4 cm3). 3D, 
three-dimensional; CI, confidence interval; SD, standard deviation.

plots visualizing the differences and mean values of the two 
readers with or without the deep learning outputs are in 
Figure 10.

The time required for CT cavity assessment was 
significantly shorter (P<0.001 in reader 1 and P=0.004 
in reader 2) with the aid of 3D nnU-Net in both readers 
(18,568±65,173 s in reader 1 and 2,943±5,737 s in reader 
2) than without its assistance (252±179 s in reader 1 and  
71±73 s in reader 2).

Discussion

TB cavity volume was associated with smear positivity 
and the grade of positivity. This finding is in accord with 
those of previous studies reporting associations of smear 
positivity with cavitary TB (16,30). The presence of a 
cavity was the sole risk factor for smear positivity, although 

some of the smear-negative patients also had cavities on 
CT images. The cavity volume showed modest diagnostic 
accuracy for smear positivity (AUC, 0.701) and a moderate 
linear relationship with bacilli burden (31). This result 
indicates that the cavity volume reflects the disease burden 
of TB. Considering that drug-resistant TB is frequently 
accompanied by cavities and requires biomarker analyses 
to monitor long-term treatment efficacy, TB cavity volume 
may be an early surrogate marker for treatment success (32).

Determining treatment initiation is a challenging task 
in NTM-PD. Clinical risk factors for treatment initiation 
include symptomatic presentations of night sweats or 
weight loss, multiple positive results on sputum acid-fast 
bacteria smears, and co-infection with Aspergillus species 
(33-35). Chest imaging is mandatory in patients suspected 
of having NTM-PD, and cavitary disease on radiologic 
examinations has been found to be associated with 
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Figure 5 Representative CT images of reference and 3D nnU-Net-detected cavity masks in a 40-year-old male patient with cavitary 
pulmonary tuberculosis. Axial CT images showed reference mask (A,C; blue) and corresponding nnU-Net-detected mask (B,D; green) of 
two cavities. Regarding the cavity in the right upper lobe, the reference and nnU-Net mask volumes were 2.4 and 1.9 cm3, each. Regarding 
the cavity in the left lower lobe, those were 29.2 and 27.0 cm3, each. The dice similarity coefficients between the masks were 85.5% and 
95.5%, respectively. 3D, three-dimensional; CT, computed tomography.

A B

Figure 6 Representative CT images of reference and 3D nnU-Net-detected cavity masks in a 77-year-old female patient with cavitary 
nontuberculous mycobacterial pulmonary disease. Axial CT images showed reference mask (A; blue) and corresponding U-Net-detected 
mask (B; green) of the cavity in the right lower lobe. The reference and U-Net mask volumes were both 3.9 cm3. The dice similarity 
coefficient between the masks was 95.1%. 3D, three-dimensional; CT, computed tomography.

treatment initiation (36). Our study showed a similar result, 
as cavity volume had an AUC of 0.834, highlighting the 
importance of quantifying cavity volume on CT images in 
patients with NTM-PD. Furthermore, quantification of the 
cavity volume on CT may facilitate the better monitoring 
of treatment response when combined with clinical 

assessments (33,34,37).
The 3D nnU-Net model showed an excellent diagnostic 

capability for mycobacterial cavities (sensitivity of 0.84–1.0, 
specificity of 0.89 and accuracy of 0.95). A few false-positive 
lesions were found, but most frequently resulted from 
bronchiectasis (13/18, 72%), followed by non-cavitary 
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nodules (3/18, 17%) and focal consolidation (2/18, 11%). 
These false-positive lesions were relatively small and readily 
recognizable by radiologists (Figure 7). Most of the false 
negative lesions had atypical morphology that seemed to 
be related to mild disease severity, such as two lesions with 
small sizes less than 0.1 cm3 and four lesions with tiny 

central gas-filled spaces (Figure 8). Anyhow further model 
training with various mycobacterial cavities would keep 
improving the performance in detecting cavities with non-
typical shapes. The U-Net-derived masks of the cavities 
matched human-driven reference masks with a relatively 
high mean Dice similarity coefficient of 78.9. The nnU-
Net-driven cavity volume also well correlated with the 
reference volume (intraclass correlation coefficients, 0.933–
0.991). When two radiologists assessed the mycobacterial 
CT cavities, the speed and accuracy were both better with 
the assistance of deep learning. This implies the potential 
benefit of our 3D nnU-Net model for the mycobacterial 
cavity assessment in clinical practice. The current model will 
assist in quantitative radiologic research on mycobacterial 
diseases and other cavitary pulmonary lesions with a similar 
CT shape (e.g., cavitary lung cancer) by reducing the time 
and effort needed for segmentation.

Several limitations exist in this study. First, although 
this study analyzed a consecutive group of patients with 
NTM and TB, the patients were collected from a single 
tertiary hospital, and the number of patients was relatively 
small. Second, we did not examine the performance of 
the 3D nnU-Net model in an external validation dataset. 
Nevertheless, the diverse distribution of CT scanners in 
the training data may have contributed to the network’s 
performance. Third, the preparation of cavity masks might 
be arbitrary in some cases abutting consolidation or the 
chest wall, as the cavity margin was not well separated 
from the adjacent structures. Fourth, NTM treatment 
was initiated based on clinical or radiologic aggravation 
rather than a single established indication. This may reflect 
the difficulty of clinical practice in managing NTM-PD 
patients. Fifth, all the cavities were assumed to be caused 
by mycobacterial pulmonary disease and the possibility of 
cavity formation by other etiologies such as aspergillosis was 
not concerned. Sixth, the CT acquisition parameters were 
heterogeneous due to the usage of varying CT scanners and 
both non-enhanced and enhanced CT images to increase 
CT training datasets as much as possible.

In conclusion, CT cavity volume was associated with 
sputum positivity and the necessity of treatment in TB and 
NTM-PD, respectively. The 3D nnU-Net model could 
automatically detect mycobacterial cavities and quantified 
the cavity volume on chest CT images. Intractable 
mycobacterial diseases, including drug-resistant TB 
and NTM-PD, often accompany cavities but treatment 
monitoring tools are scarce. Given that quantifying cavitary 
volumes is almost impractical by human readers due to 

A

B

Figure 7 Representative CT images of false-positive results 
of 3D nnU-Net in 77- and 56-year-old female patients with 
nontuberculous mycobacterial pulmonary disease. Axial CT images 
showed false-positive cavity masks (red) in the right upper lobe 
(A) and left upper lobe (B). Both misinterpreted masks were the 
distal end of bronchiectasis. 3D, three-dimensional; CT, computed 
tomography.

Figure 8 Representative CT image of false-negative results of 
3D nnU-Net in a 66-year-old male patient with nontuberculous 
mycobacterial pulmonary disease. Axial CT image showed false-
negative cavity mask (pink) in the right upper lobe. 3D, three-
dimensional; CT, computed tomography.
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Figure 9 Bland-Altman analysis between the reference cavity volume and two readers-measured cavity volume with or without the 3D nnU-
Net assist in the validation dataset. (A) Reader 1 without AI assist provided the mean difference of −1.2 cm3 and the 95% limits of agreement of 
−11.5 cm3 (95% CI: −14 to −8.5 cm3) to 9.0 cm3 (95% CI: 6.1 to 12 cm3). (B) Reader 1 with AI assist provided the mean difference of −0.27 cm3  
and the 95% limits of agreement of −4.7 cm3 (95% CI: −6.0 to −3.4 cm3) to 4.2 cm3 (95% CI: 2.9 to 5.5 cm3). (C) Reader 2 without AI assist 
provided the mean difference of −3.6 cm3 and the 95% limits of agreement of −27.9 cm3 (95% CI: −35 to −21 cm3) to 20.6 cm3 (95% CI: 14 to 
28 cm3). (D) Reader 2 with AI assist provided the mean difference of −0.35 cm3 and the 95% limits of agreement of −3.7 cm3 (95% CI: −4.6 to 
−2.7 cm3) to 3.0 cm3 (95% CI: 2.0 to 3.9 cm3). AI, artificial intelligence; 3D, three-dimensional; CI, confidence interval; SD, standard deviation.
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Figure 10 Bland-Altman analysis between the cavity volume measured by two readers with or without the 3D nnU-Net assist in the validation 
dataset. (A) The cavity volume measured by two readers without AI assist provided the mean difference of −2.4 cm3 and the 95% limits of 
agreement of −20.0 cm3 (95% CI: −25 to −15 cm3) to 15.2 cm3 (95% CI: 10 to 20 cm3). (B) The cavity volume measured by two readers with 
AI assist provided the mean difference of −0.1 cm3 and the 95% limits of agreement of −3.0 cm3 (95% CI: −3.8 to −2.1 cm3) to 2.8 cm3 (95% 
confidence interval, 2.0 to 3.7 cm3). AI, artificial intelligence; 3D, three-dimensional; CI, confidence interval; SD, standard deviation.
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substantial demands for time and human resources, our 
model may serve as a practical tool for assessing disease 
severity and treatment response by quantifying baseline 
cavity volumes and tracking its volumetric changes during 
treatment in cavitary mycobacterial diseases.
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Supplementary

Appendix 1

Association of radiologist-detected and 3D nnU-Net-derived computed tomography (CT) cavity volume with a clinical index 
of mycobacterial diseases

Receiver operating characteristic (ROC) curves were drawn to determine the area under the curve (AUC) for assessing the 
diagnostic accuracy of radiologist-detected and nnU-Net-derived per-case CT cavity volume of thirty-eight validation cases 
for sputum positivity and the necessity of treatment in pulmonary tuberculosis (TB) and non-tuberculous mycobacterial 
pulmonary disease (NTM-PD), respectively.

For treatment necessity of NTM-PD, the per-case CT cavity volume of validation cases provided an AUC of 0.870 
[95% confidence interval (CI): 0.630–0.980; P<0.001] by radiologist-derived cavities and an AUC of 0.851 (95% CI: 0.606–
0.972; P<0.001) by deep learning model-detected cavities. For the sputum positivity in TB, the AUC values obtained from 
radiologist-derived and nnU-Net detected cavities were not significant [an AUC of 0.613 (95% CI: 0.313–0.819; P=0.477) in 
radiologist-derived cavities and an AUC of 0.547 (95% CI: 0.312–0.767; P=0.761) in deep learning model-detected cavities]. 
The pairwise comparison of between the ROC curves of radiologists and nnU-Net detected cavities did not show a significant 
difference in both NTM-PD (P=0.316) and TB (P=0.116).

The analysis on the association between 3D nnU-Net detected cavity volume and TB sputum smear positivity or NTM 
treatment necessity showed partially discordant results from the expected correlation. The unanticipated outcome is assumed 
to be caused by a small number of the validation group. Further studies with a larger sample size warrant for more effective 
analysis on this topic.


