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To the Editor: 

Endobronchial ultrasound guided transbronchial needle aspiration (EBUS-TBNA) has become 

the standard of care for sampling mediastinal and hilar lesions and is finding increased 

acceptance for diagnostic as well as staging purposes.(1) EBUS-TBNA is an expensive 

procedure due to the high cost of equipment.(2) A repeat procedure in case of an inconclusive 

outcome adds to the burgeoning expenditure. To circumvent this, rapid on-site examination 

(ROSE) has been adopted to reduce the number of needle punctures and decrease the 

requirement for additional procedures.(3) However, ROSE needs presence of a pathologist or 

cyto-technicians in the bronchoscopy suite.  

Artificial intelligence (AI), deep neural network (DNN) in particular, has come a long way since 

its inception. AI is being used for microscopic examination of pathology images, with PAPNET 

being the most well-known application being used for screening of cervical cancer.(4) To the 

best of our knowledge, no study has been published to date on the application of AI during 

ROSE of EBUS-TBNA. 

We evaluated the performance of an AI model, consisting of an open-sourced convolutional 

neural network (CNN) using transfer learning, for its ability to accurately classify images of 

ROSE of EBUS-TBNA smears in the bronchoscopy suite. This study was approved by the 

Institutional Ethics Committee (IEC No. AIIMS/IEC/2020/3214). 



A total of 441 cytology images of ROSE of EBUS-TBNA smears were collected retrospectively 

from medical records of patients who underwent bronchoscopy from June 2019 to June 2020. 

The smears were stained with modified Giemsa stain and images were obtained using Olympus 

microscope at 400X magnification. Slides were examined by a pathologist who assigned them to 

classes based on the criteria adopted from Alsharif et al, according to which a smear was labelled 

as adequate if either there were >40 lymphocytes per high power field (HPF) or presence of 

granulomas or malignant cells were noted, else it was categorized as inadequate. (5)  Consequent 

to this classification, the smears were categorized into the following four classes: 1) 

‘granulomas’ (presence of one or more granulomas), 2) ‘adequate lymphocytes’ (> 40 

lymphocytes per HPF), 3) ‘malignant cells’ (presence of malignant cells), 4) ‘inadequate’ (meets 

none of the criteria above) (Figure 1). 

All the images were downsized to 224 X 224 pixel size in JPG format which is compatible with 

different open-sourced CNNs. Fifteen percent of the images from each category of smears were 

separated to form a test set (n = 66) and rest of the images constituted the training set (n = 375) 

for creation of a trained AI model and its subsequent evaluation. Different open-sourced 

convolutional neural networks of varying depths were assessed for their performance on the 

training dataset. The 19-layered VGG19 model released by the Visual Geometry Group(VGG), 

Oxford University was found to be the best in terms of accuracy and was used subsequently in 

this study.(6) VGG19 was implemented using Python through PyTorch. We used stochastic 

gradient descent as optimizer with a batch size of four using a loss function of softmax cross-

entropy. The trained model was finally evaluated over the test-set to assess the transferability of 

the features learnt by the deep neural network (Figure 1). 



After 25 epochs of training, the model in the 13
th

 epoch was found to have a high accuracy 

(93.4%) with lowest log-loss (0.18) and was selected for further evaluation. The break-up of the 

training/test set of images and the results of the AI model are shown in Figure 1. The overall 

accuracy of the model on the test set was 92.4%. The highest accuracy was noted for ‘adequate 

lymphocytes’ (96.8%) followed by ‘inadequate’ (93.3%), ‘granulomas’ (85.7%) and ‘malignant 

cells’ (83.3%). 

The classes of ‘granuloma’, ‘adequate lymphocytes’ and ‘malignant cells’ were clubbed together 

to assess the performance of our model to differentiate between adequate and inadequate smears. 

In the test set, there were 51 images of adequate smears (‘granulomas’/‘adequate 

lymphocytes’/‘malignant cells’) and 15 images of inadequate smears. Among the ‘adequate 

lymphocytes’ class, 2 out of 51 images were misclassified as belonging to ‘inadequate’ class and 

1 out of 15 images in ‘inadequate’ class was misclassified as belonging to the ‘adequate’ class by 

our model. This model had a sensitivity of 96.1 % and a specificity of 93.3% in differentiating 

adequate from inadequate smears. 

The field of pathology is undergoing a major transformation with increasing digitalization, which 

has led to an increase in application of AI. Machine learning has been used to identify 

morphologic features in histopathology of breast carcinoma which were associated with 

prognosis.(7) Comparable accuracy of CNN with respect to manual reporting has been 

demonstrated in assessing the Gleason score of prostatectomy specimens.(8) 

Support vector machine (SVM) is suitable for high dimensional data like genome-wide 

transcriptomes. It has been used for analysing the transcriptional profile of EBUS-TBNA 

samples.(9) Our study involved the analysis of images that contains millions of data points that 



cannot be handled by classical machine learning techniques, hence we adopted CNN as the base 

algorithm. VGG19 is an open-sourced CNN that can extract multiple features from an image at 

each layer to prepare feature maps that assist in learning the trade-mark feature for each of the 

classes. This involves multiple iterations over the database and correction of output by 

backpropagation till a trade-off between accuracy and over-fitting is reached.  

Savala et al. used a deep neural network to distinguish thyroid follicular adenoma from follicular 

carcinoma, although limited by the sample size of 39 images, their model could correctly classify 

9 out of 9 test images (accuracy 100%).(10) Sanyal et al. reported the use of a deep neural 

network to distinguish between papillary from non-papillary carcinoma thyroid using a dataset 

comprising of 370 images with high sensitivity (90.5%) and moderate specificity (83.3%).(11) 

Our model also used deep neural networks that could correctly classify ROSE of EBUS-TBNA 

smears into adequate and inadequate with high sensitivity (95.12%) and specificity (93.33%) 

using a dataset comprising of 375 images. At a basic level, this discriminating ability of our 

model could be helpful to screen slides for adequacy and thus reduce the overall turn-around 

time required for completing the EBUS procedure. 

Our study has some limitations. We adopted a non-segmentation approach for its simplicity in 

classifying images which gives restricted information. It might be useful to look for the 

performance of AI models that rely on segmented pixel level classification of cytology images so 

that every data point on the slide is accounted for and classified.(12) We used a transfer learning 

approach which limits the size of the image supplied to the model for analysis. Building a neural 

network from scratch was beyond the scope of our study but could be considered in future 

studies to prevent loss of data associated with downsizing of images which is a requirement for 



open-sourced CNN models. There was an imbalance in the number of images across the 

categories as we could only collect the images of ROSE of EBUS-TBNA available to us. 

Our study corroborates the proof-of-concept that AI can be used to classify images obtained 

during ROSE of EBUS-TBNA with high accuracy. This DEBUT study lays the groundwork to 

develop similar AI models and opens up the possibility of automating the process which may 

further result in a substantial reduction in time and expense associated with the procedure in the 

bronchoscopy suite. 
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Figure legend: 

Figure 1:  a) Break-up of images in the training/test sets and results of the AI model application 

on the test set. b) Representative images from all classes. Left upper- ‘malignant cell’, Right 

upper- ‘granuloma’, Left lower- ‘adequate lymphocytes’, Right Lower- ‘inadequate’. c) Feature 

map of a cluster of a malignant cells as seen at the first convolutional layer in VGG19. 

 

 

 

 

 



 


