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The revolutionary development of artificial intelligence (AI) such as machine learning and deep
learning have been one of the most important technology in many parts of industry, and also
enhance huge changes in health care. The big data obtained from electrical medical records and
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yngology and rhinology.
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digitalized images accelerated the application of Al technologies in medical fields. Machine
learning techniques can deal with the complexity of big data which is difficult to apply tradi-
tional statistics. Recently, the deep learning techniques including convolutional neural network
have been considered as a promising machine learning technique in medical imaging applica-
tions. In the era of precision medicine, otolaryngologists need to understand the potentialities,
pitfalls and limitations of Al technology, and try to find opportunities to collaborate with data
scientists. This article briefly introduce the basic concepts of machine learning and its tech-
niques, and reviewed the current works on machine learning applications in the field of otolar-
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HAl#Jd(Machine Learning)
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* Expert system

Machine learning
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* K-mean :
« Natural language processing (NN Deep leaming
: * MLP
* SVM « CNN
» Decision free « RNN

* ANN
Big data

Fig. 1. Relationship between Al, machine learning, and deep
learning. Al: artificial intelligence, KNN: k-nearest neighbors, SVM:
support vector machine, ANN: artificial neural network, MLP: mul-
tiple layer perceptron, CNN: convolutional neural network, RNN:
recurrent neural network.
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learning
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* CNN
* RNN

Supervised

i * Linear regression
Regression X i
* Ridge/Lasso regression
« Decision tree

* Random forest

* KNN
* SVM
* Logistic regression

Classification

* Naive Bayes

Fig. 2. Commonly used machine learning algorithms. KNN: k-nearest neighbors, SVM: support vector machine, MLP: multiple layer
perceptron, CNN: convolutional neural network, RNN: recurrent neural network, DQN: deep Q network.
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Fig. 3. A conceptual picture of a simple perceptron (A) and artificial neural network (B).
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Table 1. The differences between deep learning and machine learning

Deep learning

Machine learning

Feature extraction
Data dependency
Hardware dependency High-end machines
End to end

A long time to train

Problem solving approach
Execution time
Interpretability

Computer self-extraction and analysis
A large amount of data

Difficult to interpret (black box)

Human intervention
Relatively small data
Low-end machines
Staged

Much less time to frain
Easy to interpret

Convolution

Input image

Pooling

Fully connected

Convolution layer

Pooling

Output

Classification
prediction

Fig. 4. A conceptual explanation of CNN. CNN consists of a number of convolutional and pooling layers, and then followed by one or more
fully connected layers as in a standard multilayer neural network. CNN: convolutional neural network.
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Table 2. Summary of studies with machine learning application in rhinology

Author, year Application

Machine learning algorithm

Outcome

Soler, et al., CRS phenotyping using clinical

2016 findings analysis
Lal, et al.,*” CRS classification using SNOT-22
2018 scores analysis
Tomassen, CRS endotyping using biomarkers
etal.,*” 2016 (cytokines) analysis
Kim, et al.,*® CRSWNP classification using clinical
2019 findings
Chowdhury, Classify osteomeatal complex Transfer learning with
etal.,” 2019  occlusion on CT
Huang, et al.*  Differentiate the location of the Transfer learning with
2019 anterior ethmoidal artery on CT
Li, et al.,®® Detection and auto-segmentation ~ CNN on the inception
2018 of nasopharyngeal malignancies architecture
under endoscopic examination
Li, et al.,” Automatic segmentation of MRI for  CNN
2018 nasopharyngeal carcinoma
Dimauro, Identification and classification of CNN
etal.’ 2018 nasal cytology

Unsupervised clustering

Unsupervised clustering

Unsupervised clustering

Two-step cluster analysis

5 Clusters with the most discriminating
variables being age, productivity loss, and
total SNOT-22

4 Clusters with severe, moderate with
sinonasal symptoms, moderate without
sinonasal symptoms, and mild

10 Clusters, three were strongly associated
with presence of polyposis and asthma,
while another three were associated with
presence of non-polyp disease and low
incidence of asthma

6 Clusters, two were associated with
asthma and four were not associated
with asthma

Overall accuracy 85%, AUC 0.87

Google Inception-V3 CNN

Overall accuracy 82.7%, AUC 0.86

Google Inception-V3 CNN

Overall accuracy 88.7%, AUC 0.94, DSC
0.78+0.24

DSC 0.89+0.05

Senisitivity of cell identification 97%,
accuracy of cell classification 99%

CRS: chronic rhinosinusitis, CRSWNP: CRS with nasal polyp, SNOT-22: Sino-nasal Outcome Test, CNN: convolutional neural net-
work, AUC: area under the receiver operating characteristics, DSC: dice similarity coefficient
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| =Y H|B(atrophic rhinitis)= HIZW &eto| =1t 7H|o| ni=st 0| ERQI Zsto|H fFIE Sttel= 4 FHIB
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Solck.
TS HO|L} BHISE S2 SISt 27} OtL|H TAX SHH| Foi= 207t glel, Hlead XRE2s MYR0Io
i, ZHIXA, HIZMAE S5t AR, EE S0| QUL
o 2o cistu|tsts]. 248 Uab|akst ohsE #X %E £2017, p.238—41,
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