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Abstract

Original Article

INTRODUCTION

new epoch of information technology. AI-powered devices 
have transformed our daily lives in the form of smartphones, 
self-driving cars, and intelligent home appliances. One of the 
domains where AI has made significant advances is image 
analysis and object recognition.[1] We have attempted to apply 
an AI model for categorization of thyroid cytology smears. In 
the present study, we have chosen a neural network paradigm 

model has been chosen because has proven to be the most successful 
among machine learning models in image recognition tasks.[2,3] We 
have chosen to train the network only with cytologically diagnosed 

and biopsy, and not to include borderline cases for the present study.

models, where each subfamily of models is optimized for 
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[4] 

in a feedforward manner, each layer comprising multiple, 

each layer is the output of the previous one, with an overlaid 

primate brain, the ventral visual pathway,  where the layers 
represent a particular retinotopic area of the brain, while the 

been described by Karpathy et al.[10]

is the most common malignant neoplasm of the thyroid;[11] 
in one of the largest series of resections for hypopharyngeal 

been reported in previous studies.[12]

of the initial investigations to investigate a solitary thyroid 
nodule.[11] Papillary carcinoma presents with cytopathologic 

and thus, recognition of papillary carcinoma on smears is 

carcinoma is often encountered in smears showing only benign 
[16] It is because of its reasonable sensitivity, 

SUBJECTS AND METHODS

A retrospective study design was chosen. We collected 

with good material were chosen for the purpose of the study. 

a neural network with diverse array of material, a subset of the 

even in varying conditions of illumination.

colloid goiter, cytologically diagnosed follicular neoplasms 

categories are listed in  1. All images were then cropped to 

microscopic foci from a single smear were photographed.

[17] backend and the Keras library[18]

where the values of the red, green, and blue channels are the depth 
of the image, i.e., 3. A convolutional network applies several 

the element-wise multiplication of the two arrays and results in 
an array which is smaller in width and height, but its depth is the 

information in the image is mathematically redistributed into an 
array of a different shape after a convolution.[10]

usually followed by pooling operation, which takes slices of an 

slice, thus reducing the size of the array.

image has three color components red, green, and blue, the sum 

 1 

After completion of training, in the performance evaluation 

were photographed from 10 smears. Multiple foci were 
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[20]

RESULTS

 1. 

layer [

training phase, after each epoch of learning, accuracy on the 
test dataset was measured concurrently. After 10 epochs of 
training, a contingency table was drawn [  2].

A number of false positives were met during the training 

 2a]. Most other lesions were correctly 
characterized as in 
initial phase of the training, the network is prone to false 
positives, classifying any structure vaguely resembling a 

[21]

a. When using OR-based decision criteria, i.e., a focus is 

 3, 

at the cost of sensitivity [  4].

Within the evaluation, dataset images containing thick colloid, 

DISCUSSION

involves segmentation, blurring, edge detection, and watershed 
transform to identify geometrical properties in biological 

innumerable variations that might be encountered in cytological 

a model through a didactic manner, i.e., demonstrating a large 

Table 1: Distribution of microphotographs in two magnifications and categories (n=370) during the training phase

10× 40×

Training Test Training Test

Non-PTCA PTCA Non-PTCA PTCA Non-PTCA PTCA Non-PTCA PTCA
14 14 68 73 10 10

Figure 1: Architecture of the convolutional neural network
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parameters of the model to arrive at the right answer are left 

of the cases.

they are capable of reasoning tasks and can be used for diagnostic 
[22] et al. 

applied a neural network to distinguish follicular adenoma from 
[23]

based on support vector machines, was used by Gopinath et al. to 

[24]

of consistently better performance in image analysis than other 
models, in previous studies.[1-4]

sheets with a distinct border, three-dimensional tissue 
fragments, and papillary tissue fragments

overlapping, nuclear grooves, and intranuclear cytoplasmic 
pseudoinclusions.

manner, i.e., an intranuclear pseudoinclusion might be 

Table 2: Performance characteristics of the convolutional neural networks on the concurrent test dataset during training 
(n=48)

Actual 
diagnosis

10× 40× Total

CNN detected “non-PTCA” CNN detected “PTCA” CNN detected “non-PTCA” CNN detected “PTCA”
24
24

Table 3: Performance characteristics of the convolutional 
neural networks when using criteria that a focus must 
be reported papillary thyroid carcinoma in any of ×10 
and ×40 magnification to be diagnosed papillary thyroid 
carcinoma (n=87)

Diagnosis on FNAC by 
pathologist

Total

PTCA Non-PTCA

30

21 66

Statistics Value (%) Lower-upper 
95% CI

Method

Sensitivity Wilson score
83.33 Wilson score

Positive predictive value 63.33 Wilson score
Wilson score
Wilson score

Figure 2: Examples of true and false image classification by the convolutional neural network on the training set. (a) False positiveclassification by 
the CNN; normal follicular cell cluster identified as carcinoma. (b) True negative classification by the CNN. (c) True positive classification by the CNN

a b c

the human pathologist is trained to distinguish between cell 
types, between benign and malignant. Reinforcement learning 

machine learning model to correctly classify images.

Success with one of the modalities of machine learning, namely 
support vector machines, has already been demonstrated 
by Gopinath et al.[24]

problem, where a variety of images belonging to a category, 
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Figure 4: Intranuclear cytoplasmic pseudoinclusion correctly classified 
by the convolutional neural network

Figure 5: Processing an image by intermediate layers of the convolutional neural network

nearly endless variations encountered on cytological smears 

 4].

and shape of the image over successive convolutions and 
pooling operations, each time reducing and simplifying the 

Given any random image of any object, the network will 

especially with an automated microphotography and slide 

were to distinguish between vague papillary formations 
by normal follicular cells [

of the training dataset.

et al.  or Savala 
et al.;[8]

larger dataset than the aforementioned.

Table 4: Performance characteristics of the convolutional 
neural networks when using criteria that a focus must 
be reported papillary thyroid carcinoma in both of ×10 
and ×40 magnification to be diagnosed papillary thyroid 
carcinoma (n=87)

Diagnosis on FNAC by 
pathologist

Total

PTCA Non-PTCA

8

21 66

Statistics Value (%) Lower-upper 
95% CI

Method

Sensitivity 33.33 Wilson score
Wilson score

Positive predictive value Wilson score
82.28 Wilson score
82.76 Wilson score

Figure 3: Examples of true and false classification by the convolutional 
neural network on artifacts. (a) True negative classification by the CNN. 
(b) False positive classification by the CNN

a b
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et al.,[8] false positives were met at 

it has to be noted here that a typical state-of-the-art deep 
convolutional network is trained on much larger datasets than 

[26]

time to develop such diverse repository of images containing 
large number of diverse pathological images to build a very 

CONCLUSION

With further training on larger and more diverse datasets, the 
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